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ABSTRACT

Moisture is one of the main causes of defects in buildings, leading to degradation. The complexity of
moisture phenomena makes it more challenging to interpret the results during building inspections.
However, proper diagnosis and prevention of moisture damage are of paramount importance to guaran-
tee the durability of the building, the comfort of the users, and the quality of the indoor environment
conditions since high levels of moisture can lead to mould growth, surface condensation, and salt crys-
tallisation, increasing the risk of respiratory-related infections of the users and reducing the thermal

performance of the building envelope.

Non-destructive techniques (NDTs) that measure the surface temperature of building materials have
good potential for moisture analysis since changes in moisture content relate to changes in surface tem-
perature. In recent years, there has been an increasing number of studies in which building inspection
technologies are integrated with computational methods for automatically identifying and classifying
building defects. Despite the recent advances in these techniques, their use for moisture diagnosis is not
fully exploited, as the lack of quantitative interpretation criteria is still a critical drawback that must be

more deeply addressed.

In this context, this work aimed to define reliable criteria indicative of the level of moisture in buildings
through Infrared Thermography (IRT) in different environmental conditions and to develop a framework
for assessing the moisture evolution during the drying process in building materials, based on machine

learning algorithms/models.

The relationship between thermal gradient and moisture content was investigated through laboratory
tests and hygrothermal simulations. The results showed how different environmental conditions and the
material properties affect the moisture-thermal gradient relationship. The experimental and simulation
data were used as training and testing datasets in the development of machine learning models that
predict the moisture content based on surface temperature results and transform the thermal images into
moisture maps. Additionally, the building physics principles presented in the literature review are used

to create algorithms that generate the moisture content curve during the materials drying process.

The results showed that the machine learning models achieved a coefficient of determination (R?) greater
than 0.95 between predicted and real moisture values, providing accurate predictions of the moisture
content, especially in highly porous building materials such as mortar, clay brick and limestone. Re-
garding the algorithm based on building physics principles, it successfully generated moisture curves
that closely matched the ones obtained from laboratory tests and simulations. Furthermore, the findings
of this study suggest that the drying behaviour of porous building materials can be effectively monitored

using IRT, which helps prevent moisture-related degradation in buildings.
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REsumo

A humidade é uma das principais causas de defeitos em edificagdes, levando a degradagdo. A comple-
xidade dos fenémenos relacionados a humidade torna mais dificil a interpretag@o dos resultados durante
as inspegoes prediais. No entanto, o diagnostico adequado e a prevengdo de danos causados pela humi-
dade sdo de suma importancia para garantir a durabilidade da edificagdo, o conforto dos usuarios ¢ a
qualidade das condi¢des do ambiente interno, pois altos niveis de humidade podem levar ao crescimento
de mofo, condensagdo superficial e cristalizagdo de sais, aumentando o risco de infegdes respiratorias

dos usuarios e reduzindo o desempenho térmico da envolvente do edificio.

As técnicas ndo destrutivas (NDTs) que medem a temperatura superficial dos materiais de construcao
tém um bom potencial para analise de humidade, uma vez que as mudangas no teor de humidade se
relacionam com as mudangas na temperatura da superficie. Nos ltimos anos, tem-se verificado um
numero crescente de estudos em que as tecnologias de inspecdo de edificios sdo integradas a métodos
computacionais para a identificacdo e classificagdo automatica de defeitos em edificios. Apesar dos
recentes avangos dessas técnicas, seu uso para o diagnostico de humidade ndo esta totalmente explorado,
pois a falta de critérios quantitativos de interpretacdo continua a ser uma limitagdo critica que deve ser

abordada com mais profundidade.

Neste contexto, este trabalho teve como objetivo definir critérios fiaveis indicativos do nivel de humi-
dade em edificios através da Termografia de Infravermelhos (TIV) em diferentes condi¢des ambientais
e desenvolver uma ferramenta para avaliar a evolugdo da humidade durante o processo de secagem dos

materiais de construcao, baseado em algoritmos/modelos de machine learning.

A relagdo entre o gradiente térmico e o teor de humidade foi investigada através de ensaios laboratoriais
e simulagdes higrotérmicas. Os resultados demonstraram como as diferentes condigdoes ambientais e as
propriedades dos materiais afetam a relag@o entre o gradiente térmico e a humidade. Os dados experi-
mentais ¢ de simulagdo foram utilizados como conjuntos de dados de treinamento e teste no desenvol-
vimento de modelos de machine learning que preveem o teor de humidade com base nos resultados da
temperatura superficial e convertem as imagens térmicas em mapas de humidade. Além disso, os prin-
cipios da fisica das construgdes apresentados na revisdo da literatura foram utilizados para criar algorit-

mos que geram a curva do teor de humidade durante a secagem dos materiais.

Os resultados mostraram que os modelos de machine learning alcangaram um coeficiente de determina-
¢do (R?) superior a 0,95 entre os valores previstos e os reais de humidade, fornecendo previsdes precisas
do teor de humidade, especialmente em materiais de constru¢do altamente porosos, como argamassa,
tijolo e pedra calcaria. Relativamente ao algoritmo baseado nos principios da fisica das construgdes, este
gerou com sucesso curvas de humidade que coincidiram de forma precisa com as obtidas nos ensaios

laboratoriais e nas simulagdes. Além disso, os resultados deste estudo sugerem que o comportamento
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de secagem dos materiais de constru¢ao porosos pode ser monitorizado de forma eficaz utilizando TIV,

o que ajuda a prevenir a degradacdo relacionada a humidade nos edificios.

PALAVRAS-CHAVE: Termografia de Infravermelhos; Humidade; Machine learning; Comportamento hi-

grotérmico; Diagnostico quantitativo.
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1

INTRODUCTION

1.1. CONTEXT

Moisture-related defects are quite common in masonry walls and hinder the long-term durability
of buildings, the quality of the indoor environment, and the comfort of the users since a high
amount of moisture in building materials can lead to mould growth, salt crystallisation, surface
condensation, and even reduced structural strength [1], [2], [3]. Therefore, an early and proper

diagnosis of moisture-related defects is critical to prevent moisture damage.

Infrared Thermography (IRT) is a non-destructive technique that does not require contact with
the surface and allows the assessment of the thermal behaviour of building materials, enabling
the identification of potential problems. Hence, it has a good potential for moisture analysis, mak-
ing it possible to identify moisture-related defects [4]. IRT can also be used for the detection of
other abnormalities such as detachments and the existence of voids [5], [6]; energy losses in in-
stallations and construction details [7]; cracks [8], and for the analysis of the overall thermal per-
formance of a building envelope [9], so IRT results can be integrated to assess several pathologies.
However, despite its potential to detect moisture, there is a gap in the literature regarding the
identification of quantitative criteria for the interpretation of results due to the complexity and
variability of the phenomena involved in the humidification and drying process of materials [4],
[10], [11]. Therefore, obtaining surface temperature criteria indicative of the level of moisture is

a significant challenge that must be addressed.

The applicability of IRT to detect moisture occurs due to three physical phenomena that influence
the surface temperature of building materials based on the changes in their moisture content:
evaporative cooling, reduced thermal resistance, and high heat storage capacity. Based on these
phenomena, wet areas can be colder than dry areas due to surface evaporation. Moist areas can
also be identified as warmer zones due to the high thermal inertia of water when compared to the
one of the dry materials. If the moisture accumulates in the inner layer of the building components,
it will store more heat during the heating phase, which will take longer to be released during the

1
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cooling phase, and the wet area will appear in the thermal image with higher temperatures. The
results can be influenced by environmental conditions (e.g. direct solar radiation, temperature and
relative humidity of the air, etc.), moisture content, dirt at the surface, physical-chemical charac-

teristics of the material, thermal conductivity of layers, and soluble salts [4], [10], [11].

Because of the high number of variables influencing the correlation between the moisture content
and the surface temperature, most studies presented only qualitative analyses, or a quantitative
analysis applied to a specific environment [12], [13], [14], [15], [16], [17], [18], [19]. Recent
studies have also used IRT to detect moisture automatically using image processing techniques

[20]. However, the moisture content or level was not evaluated in this situation.

In recent years, the construction industry is experiencing a technological revolution driven by
digitalisation and automation [21]. This trend is also visible in several studies that have been
conducted to integrate the results of building inspection technologies with machine learning tech-
niques, including the development of algorithms that make it possible to automate the identifica-
tion and classification of defects in buildings, thus reducing the subjectivity in the analysis of the
inspection results [22], [23], [24].

Despite the recent advances in image-based techniques and computational methods for building
diagnosis, their use for moisture assessment still needs to be more deeply exploited. The combi-
nation of laboratory tests and hygrothermal simulation tools with machine learning models to
identify the behaviour of moist building materials and correlate their surface temperature with

their moisture content has great potential and must be further developed.

Overall, these studies highlight the need to obtain reliable criteria from image-based techniques
that indicate the moisture content or the level of moisture in building components and develop a
risk assessment framework that enables the identification of the moisture level and its evolution,
making it possible to predict when favourable conditions for moisture damage can potentially

occur.

1.2. OBJECTIVES

The main objectives of this work are to (i) define reliable criteria indicative of the level of mois-
ture in buildings using IRT in different environmental conditions and (ii) to develop a moisture

risk assessment framework. To achieve this, the following specific objectives have been defined:

. Identify the correlation between the moisture content and the surface temperature of var-

ious building materials under different environmental conditions.

. Apply machine learning techniques trained and tested with data obtained in laboratory

tests and simulations to predict the moisture content in building materials.
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Develop a machine learning model to generate a moisture map based on IRT results.

Create an algorithm to generate the moisture content curve during the materials drying

process.

1.3. METHODOLOGY

According to Figure 1, the work was divided into seven main tasks to achieve the specific objec-
tives stated in § 1.2. The first step of the research (task 1) involved a comprehensive review of
the state of the art about wall degradation caused by moisture. This review also covered the hy-
grothermal behaviour of building materials, techniques used to diagnose moisture, and an analysis

of machine learning models applied to moisture analysis in buildings.

Literature Review

Jan/22

Degradation agents and
moisture defects
Hygrothermal
performance of building
materials

Techniques to assess
moisture

Machine learning models
applied to moisture
analysis

Preparation of conference and journal
publications and final thesis

Figure 1 — Thesis flowchart

Task 1 was essential to understand the moisture degradation agents and the damage caused by
them, the conditions necessary for superficial condensation to occur, the point at which moisture
stains and mould growth potentially initiate and, in extreme cases, when moisture compromises

load-bearing capacity.

Additionally, the research focused on the hygrothermal performance of building materials to un-
derstand the heat and mass transfer phenomena and the correlation between moisture and temper-
ature changes. A thorough analysis of available techniques for diagnosing moisture, including
infrared thermography (IRT), was conducted to check if IRT was a promising tool for providing

2D images that could indicate areas with atypical moisture content.

In the studies with the use of IRT for moisture assessment, it was checked if the various factors

influencing surface evaporation were accounted for and if quantitative analyses were carried out.
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Complementary non-destructive testing (NDT) techniques, such as the gravimetric and electro-

magnetic methods, were investigated to check if they could complement the results from IRT.

Finally, in the final stage of task 1, a review of machine learning models applied to moisture and
other defect detection was carried out. Machine learning is a field of artificial intelligence that
enables learning the relationship between variables of interest. It has presented considerable pro-
gress in the last few years due to the increase in computational capacity and available training
data. The aim was to use these techniques to learn the relationship between the surface tempera-
ture of building materials and their moisture content, which would enable the estimation of mois-

ture content in building components and, consequently, help prevent moisture-related damage.

In task 2, a preliminary experimental campaign was conducted under free-running laboratory con-
ditions to monitor the drying process of samples using IRT, the gravimetric method, and a surface
moisture meter. The experimental campaign was carried out at the Building Physics Laboratory
(LFC) of the Faculty of Engineering of the University of Porto, which was equipped with the
necessary tools for these tests. This step was essential to preliminarily evaluate the thermal gra-

dient of the materials in a specific environmental condition.

During this campaign, samples of five materials commonly used in the construction of walls were
tested: clay brick, limestone, granite, concrete, and mortar. Samples with three different initial
moisture content were used to assess the influence of the moisture content on the NDT results.

The monitoring period was approximately 15 days or until the specimens dried.

Following the preliminary experimental campaign, the same conditions tested in the laboratory
were simulated using hygrothermal simulation software to analyse the differences between the

laboratory and simulated results. This step corresponds to task 3.

Tasks 2 and 3 were critical for understanding the hygrothermal behaviour of building materials
and the correlation between moisture content and surface temperature. However, as these steps
were conducted under free-running environmental conditions, task 4 involved additional hygro-
thermal simulations to analyse the drying phase of materials under various environmental condi-
tions, ranging from 5°C to 25°C air temperature and 50% to 90% relative humidity. After con-
ducting the simulations, machine learning models were developed to predict the moisture content
(in any environment in the range of the temperature and relative humidity tested) based on the
surface temperature of moist materials. Additionally, a machine learning model was created to
predict the maximum thermal gradient identified in each material under varying environmental

conditions.

The machine learning model developed in task 4 predicted the moisture content of initially satu-

rated materials based on their surface temperature and the environmental conditions for four types
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of materials: clay brick, concrete, granite, and limestone. The material’s properties used for the

model were those available in the hygrothermal simulation software’s database.

Based on the latter, it was necessary to fine-tune the model. Therefore, task 5 consisted of carrying
out laboratory tests with a mortar commonly used in Portugal for rendering masonry walls. The
material was characterised according to its key properties, such as thermal conductivity, pore size
distribution, water vapour permeability, emissivity, capillary water absorption, density, and mois-
ture storage function. Subsequently, the material was subjected to different moisture contents, and
its drying process was monitored using the gravimetric method and IRT in three controlled labor-
atory conditions inside a climatic chamber. Table 1 lists the properties analysed, the standards

and manuals followed, and the number and dimensions of the test specimens.

Table 1 — Material’s properties under assessment

Material’s properties Standard/ Number of Specimens dimensions
manuals specimens
Pore size distribution ISO 15901-1 1 40x40x40 mm

o 90 mm diameter
Thermal conductivity ISOMET 2114 3 20 mm thickness
Water vapour permeabil- 90 mm diameter
ity EN SO 12572 5 20 mm thickness
Capllary water absore g 150 15148 3 210x210x20 mm
Moisture storage fune- EN 150 12571 3 210x210x20 mm
Emissivity AST'\gﬁ; 371- 3 210x210x20 mm

Finally, in task 6, the laboratory test results were used to fine-tune the machine learning algorithm
developed in task 4. An algorithm was developed to create moisture maps based on IRT results,
showing moisture risk areas, thereby highlighting the need for preventive and remedial measures
regarding the conservation status of building elements. Additionally, a moisture risk assessment
framework was created to present guidelines for the identification of the moisture level and its
evolution with IRT. In this task, it was also developed an algorithm to generate the moisture

content curve during the drying phase with IRT based on building physics principles.

Lastly, task 7 involved the final compilation of the thesis and its dissemination through peer-

reviewed journal publications and conference articles.

1.4. THESIS STRUCTURE

This thesis is structured into seven chapters:

-Chapter 1 — This chapter presents the context of the study, highlighting the importance of taking
forward research on reliable techniques for moisture diagnosis in buildings. It also defines the

main research objectives and methodology and outlines the structure of the research work.
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-Chapter 2 — Moisture in Porous Building Materials: This chapter provides a comprehensive lit-
erature review on moisture damage, moisture and heat transfer mechanisms in building materials
and presents some techniques available for moisture diagnosis. It includes detailed discussions on
hygrothermal behaviour, measurement methods, and the application of infrared thermography
(IRT) for moisture analysis. Additionally, this chapter presents the developments in machine
learning techniques applied to the identification and classification of defects in buildings, specif-
ically focusing on moisture detection. It reviews recent studies integrating computational methods

with building inspection technologies.

-Chapter 3 — Experimental analysis of the thermal gradient and moisture content: This chapter
discusses the laboratory tests conducted to investigate the drying process of various building ma-
terials, including clay brick, limestone, granite, concrete, and mortar. The chapter provides de-
tailed descriptions of the experimental setup, materials tested, and methods used for monitoring

moisture content and surface temperature through IRT and other techniques.

-Chapter 4 — Hygrothermal simulations: This chapter presents the results of hygrothermal simu-
lations conducted using the WUFTI software. It discusses the drying process of building materials
such as clay brick, limestone, concrete, granite, and mortar under varying environmental condi-

tions. The chapter also compares simulation results with experimental data.

-Chapter 5 — Moisture Prediction Models: This chapter presents the development of machine
learning models designed to predict the moisture content in building materials and a model to
generate the moisture curve during the drying process based on IRT results. The preliminary
models were trained using simulation data, with an emphasis on the relationship between thermal
gradients, moisture content, and environmental conditions. These models provided insights into
the data preparation, model training, and evaluation processes, focusing on the creation of models
for different building materials. Building on the preliminary models, refined moisture prediction
models are presented. It includes a machine learning model fine-tuned with experimental data for
improved moisture content predictions, as well as a model based on building physics principles
to generate the moisture curve during the drying process. These models are validated using data

from laboratory tests and simulations.

-Chapter 6 — Conclusions: This final chapter summarises the key findings of the research, dis-
cusses the implications of the results, and identifies directions and trends for future research in

the field of moisture detection and building diagnosis.

-Appendix 1 — Thermal and digital images obtained at each measurement time for the tests under
free-running laboratory conditions for: (a) clay brick and limestone; and (b) granite, mortar, and

concrete.
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-Appendix 2 — Analysis of regression models for measurements taken after the maximum thermal

gradient is reached.

-Appendix 3 — Thermal and digital images obtained at each measurement time for the tests under
controlled laboratory conditions for: (a) T=20°C and RH=70%; (b) T=25°C and RH=60%; and
(c) T=15°C and RH=80%.

-Appendix 4 — Preliminary machine learning models developed with simulation data to predict,
for clay brick, limestone, concrete, and granite: (a) the maximum thermal gradient; and (b) the

moisture content [kg/m?].

-Appendix 5 — Final machine learning models developed with simulation and experimental data

to predict, for mortar: (a) the maximum thermal gradient; and (b) the moisture content [kg/m?].

-Appendix 6 — Algorithms developed to convert a thermal image to a file with ATsuface values (a)

and to create a moisture map based on the thermal image uploaded (b).

-Appendix 7 — Algorithm developed to plot the moisture content curve during the drying process
based on IRT results.

-Appendix 8 — Simulation data for mortar in the thirty environmental conditions selected for train-

ing and testing the models.

-Appendix 9 — Algorithm developed to plot the curve of the ATsurface OVer time, according to the

environmental condition selected by the user.
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2

MOISTURE IN POROUS BUILDING MATERIALS:

fundamentals, diagnosis and challenges

2.1. MOISTURE DAMAGE

Moisture in buildings has its origin from rain, contact with soil, inherent in construction materials,
manufacturing and production processes, water vapour productive activities inside the building
or even from fortuitous causes, such as leaky or faulty piping [2], [25]. It may originate defects,
such as salt crystallisation, moisture staining, mould growth, and reduced structural strength [2],

[3], [26], besides increasing the U-values of building components [27].

Among moisture transport mechanisms, capillarity is one of the most common that lead to mois-
ture induced defects [28]. As water transported by capillarity has soluble salts originating from
rocks, soils, and construction materials, such as mortars and stones, when it evaporates, the aque-
ous solution becomes more concentrated, and when the supersaturation is reached, crystallisation
of salts occurs [2]. Salts may crystallise at the exterior surface as efflorescences, or behind the
covering as subflorescences. The depth at which salts crystallise greatly influences the extension

and severity of the damage caused to the masonry [25].

In masonries with moisture, there are zones with distinct levels of deterioration according to the
type and amount of salt present and the environmental conditions. The different types of salts,
such as sulphates, chlorides, and nitrates, may be present at different heights, according to their
solubility, and in various forms, either aqueous or crystallised. The more soluble ions percolate
to greater heights and accumulate in those zones, while the less soluble salts tend to remain at
lower heights. The crystallisation of these salts will depend on the amount of salt, the environ-
mental conditions, and the equilibrium relative humidity (RH) for each salt since they can only
crystallise when the ambient RH becomes lower than the equilibrium RH of the saturated solution

[25]. Figure 2 shows the equilibrium RH of different soluble salts usually found in walls. Studies
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carried out by [25] showed that, when analysing the drying process of two equal samples in dif-
ferent RH conditions, when it occurred at 32% of RH, a relevant amount of crystallised salt was
found in the interior of the porous structure, while when drying occurred at 69%, it produced more

efflorescences on the surface.

salt 0°C 5°C 10°C 15°C 20°C 25°C 30°C
CaC'\2'6H20 a1 31.7 233 0.8 23.6 2.4
MaCl,"6H,0 33.7 33.6 33.5 33.3 33.1 32.8 32.4
K2C03'2H20 43.1 43.1 43.1 43.2 43.2 43.2 43.2
Ca(NOJ )2'4H20 59 59.6 56.5 54 53.6 50.5 46.8

Mq{N03)2'6H20 60.4 58.9 57.4 55.9 54.4 52.9 51.4
N, NO, 61.8

NaliO, 78.6 77.5 76.5 75.4  74.3  73.1
NaC 75.5  75.7  75.7 75.6  75.5 75.3 5.1
Na,$0, 82 82.8  83.3
ke 8.6 87.7 8583 5.9 85.} 8.3 8.6
¥g$0," TH,0 86.9 30,1 8.3 g8

Na,L05"10H,0 9.5 97,9 83.2 83.2
Na,S0,* 104,0 95.2  93.6 9.4 8.9
KNO, 96.3  96.3 96 95.4  94.6 93.6 92.3
K2504 %3.8 98.5 98.2 97.9 97.6 97.3 97

Figure 2 — Equilibrium RH of different soluble salts [2], [29]

In terms of the degradation of walls and their life cycle, the study carried out by [30] has devel-
oped a conceptual model that represents the damage rate over time in a stone wall with salts,
illustrated in Figure 3. This study uses the concept proposed by [31] to describe concrete’s dura-
bility. According to this study, for the damage to initiate, it requires an accumulation of salts, so
there is an initial phase, named the “accumulation phase”, when there is no damage yet. After the
“damage threshold”, the “propagation stage” starts and the damage will progress at a damage rate

until it reaches the limit of an acceptable degree of damage, which means the end of service life.

10
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Figure 3 — Schematic representation of the durability of a stone wall with salt damage [30], [31]

Besides the risk of degradation due to salt crystallisation, moisture is also the governing factor
affecting mould growth. Mould has an impact on the visual appearance of surfaces and, more
importantly, on the health of the occupants of the buildings since occupants of damp or mould-
affected compartments in buildings are at increased risk of respiratory symptoms, respiratory in-
fections, and exacerbation of asthma [26]. The occurrence of indoor dampness is estimated to be

in the order of 10 to 50% in buildings in the most affluent countries [32].

According to the World Health Organization guidelines [32], the presence of many biological
agents indoors is mainly due to high humidity and poor ventilation. The document highlights that
the high moisture content in an indoor environment can promote the growth of microorganisms
such as mould, fungi, and bacteria. Therefore, moisture is considered a strong indicator of risk for

asthma and respiratory symptoms.

The species of microorganisms that grow on the surface of building materials depend on the water
activity at their surface, which is the same as the relative humidity above the substrate. When the
water activity is less or equal to 0.80, primary colonisers can grow; when it is between 0.80 and
0.90, secondary colonisers grow, and tertiary colonisers require a water activity greater than 0.90
to germinate and start growing. Overall, previous studies show that the critical relative humidity
above the substrate for microbiological growth is around 75 to 90%. However, a single limit value
is inadequate for the hygrothermal design of building structures since the outdoor climate does
not permit the relative humidity at surfaces to be kept below 75%. Therefore, the mould growth
prediction might be made using equations that calculate the mould growth index based on the
time, the temperature, the relative humidity, and the coefficients related to the type of material
[32].

On the other hand, since the relationship between dampness, microbial exposure, and health ef-

fects cannot be precisely quantified, quantitative health guidelines values or acceptable limits for

11
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microbial contamination cannot be recommended. Instead, the recommendation is that surface

dampness must be prevented, and if it does occur, it should be addressed [32].

Moisture damage is a serious problem that can occur in environments with both high and low RH.
Mould growth is more likely to occur in environments with high RH, but even ambiences with
lower RH can cause damage to building materials in the form of salts crystallised in the interior
of the walls. Hence, an appropriate and timely diagnosis of moisture-related defects is of main
importance and must be done to avoid building decay and assure the quality of the indoor envi-
ronment conditions. According to [33], it is important to monitor not only the existence of mois-
ture but also its evolution over time to prevent damage since the presence of water can decrease
in the dry seasons and quickly increase after rainy periods. The monitoring time should vary ac-
cording to the variability of the environmental changes. The common variables to be monitored
are the moisture content and its distribution, the surface temperature, and the air temperature and

relative humidity [33].

The most appropriate repair solution should be selected after identifying the condition of the sub-
strate regarding the moisture content and its evolution over time in order to reduce the risk of
applying products and methods that are not effective [33]. Additionally, climatic changes are also
highlighted by several authors as a factor contributing to the increase in moisture and deterioration
of buildings, which highlights the need for adequate solutions for building retrofitting [33], [34],
[35]. Measures for reducing the moisture content might include the use of adequate ventilation,

heating, and drying in controlled conditions, amongst others [2], [32].

2.2. MOISTURE AND HEAT TRANSFER

The transport of moisture in building materials is influenced by various factors, such as material
properties, the surrounding environment, and the nature of the aqueous phase (liquid or vapour),
all of them interacting with each other in a complex manner [36]. Therefore, to accurately diag-
nose moisture-related defects in buildings, it is crucial to understand the hygrothermal behaviour
of building materials. This includes, for example, knowledge of how the humidification and dry-
ing processes occur and how environmental conditions affect them, how the moisture profile
changes along the thickness of the wall, and how the moisture content affects the physical prop-
erties of the materials since non-destructive techniques will, in most cases, measure the physical

properties of the materials and based on them infer the moisture condition of the substrate.

To analyse the hygrothermal behaviour of buildings, it is essential to consider both heat and mass
transfer phenomena, as they are intimately connected. For instance, temperature differences can
induce air movements, which, in turn, transfer both heat and moisture from one location to an-

other. Another illustration is the evaporation of water from a surface, which leads to a decrease

12
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in surface temperature. These examples highlight the interdependence of heat and mass transfer

in building systems [37].

In this way, the moisture content of building elements will result from the dynamic equilibrium
established between the component and the environment. This equilibrium will be influenced by
the complex interaction between moisture and the porous structure of the materials, as well as by
the existence of several simultaneous moisture transfer phenomena in vapour and liquid phases
[38].

2.2.1. MOISTURE TRANSFER IN POROUS MATERIALS

2.2.1.1. The moisture content of building materials

Building materials can be classified according to their hygroscopicity. When the mass is practi-
cally constant, whatever the RH of the environment, they are considered non-hygroscopic. If the
amount of water fixed by adsorption is relevant, they are considered hygroscopic (such as gypsum
and wood) [39].

In hygroscopic porous building materials, for each relative humidity of the air, there will be a
corresponding equilibrium moisture content for the material, which can be represented by the
moisture storage function of the material. Figure 4 presents the adsorption and desorption curves.
The adsorption isotherm follows three stages: (i) the first, monomolecular adsorption, in which a
layer of water molecules is attached to the inner surface of the pores; (ii) the second, plurimolec-
ular adsorption, when there is the deposition of several layers of molecules; and (iii) the third,
capillary condensation, when the pore diameter is small enough, and the multimolecular layers
join together, a phase in which the capacity to store water in the internal structure of the material

increases, as can be seen by the increase in the slope of the adsorption isotherm curve [37], [39].

When a capillary-active building material comes into contact with liquid water, it will absorb
water until it reaches free water saturation (Wep in Figure 4), which is less than the maximum
possible moisture content. Higher moisture contents up to pore saturation or even maximum water
saturation (Wmax) can be reached only with the application of pressure by diffusion of water vapour

in a temperature gradient [40].

If a material 1s immersed in water until wm.x and then dried at different RHs, the amount of water
in the pores is higher than the one stored during the adsorption phase. Hence, the desorption curve
is different from the adsorption curve [37], as shown in Figure 4. However, for the sake of sim-
plicity, in some hygrothermal models, the adsorption curve is used for computational simulations

since the differences between both curves can be neglected.

13
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Figure 4 — Moisture storage function [4]

2.2.1.2. Moisture transfer by diffusion

Moisture transfer in porous building materials occurs by different mechanisms in each of the
phases, and the primary transport processes are vapour diffusion, vapour convection, capillarity
of liquid water through porous materials, and the flow of gravity of liquid water by fissures, open-
ings, and macropores [41]. When transport occurs in the vapour phase, it is conditioned by the
mechanisms of diffusion and convection. In contrast, when it occurs in the liquid phase, it is ruled

by capillarity, the effect of gravity, and the effect of the pressure gradient [39].

Although moisture transfer in the vapour phase can also occur by convection, the relevant mois-
ture transport mechanisms regarding building physics are water vapour diffusion and liquid

transport by capillary forces [40].

Moisture transport by vapour diffusion analysis is important to assess the risk of interstitial con-
densation and the risk of mould growth on the internal surface of buildings [42]. The transfer of

vapour by diffusion occurs according to equation (1) [37].

Dgui—vy
A (1

9v =
Where:
gy density of vapour flow rate [kg/(m?.s)]

D,: water vapour diffusion coefficient in the air [m?/s]

L: water vapour resistance factor [-]

14
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v1: vapour concentration on one side of the layer [kg/m?]
V2: vapour concentration on the other side of the layer [kg/m?]
d: thickness [m]

Table 2 contains ranges of p values for some materials commonly used in buildings. Figure 5
depicts the vapour permeability coefficient of some building materials, which is the ratio between

the water vapour diffusion coefficient in the air and the p factor of each material [37].

Table 2 — Ranges of p-values for some building materials [37]

Material u ()

Mineral wool, lightweight concrete, brick, lime mortar 1-10
Concrete, wood, cement mortar, and lime 15-100
Linoleum, PVC sheet, polyethylene sheet, glass 102-10°

8, (ms)
£ /
340 1/ -
5 —t | 2 /%
240 —
140° 1 light-weight concrete 510kg/m’
/ 2 brick 1840kg/m*
3 4 3 spruce 410kg/m’
0 L__————__—::'_z:———/——w 4 concrete 2100|g/m3

0 20 40 60 80 100

Figure 5 — Vapour permeability coefficient of building materials [37]

2.2.1.3. Moisture transfer by capillarity

When a thin tube is immersed in a container with water, it is possible to verify the phenomenon
of capillarity since the water rises inside the tube. According to [43], in this phenomenon, which
is the result of surface tension, the molecules close to the surface of the liquid are attracted by the
molecules of the glass tube, and there is a curvature of the water along the walls of the tube. The
height of capillary rise in a tube can be found using Jurin's Law, according to equation (2).

2ycosH
= — 2
pom (2)

Where:

H: height of capillary rise [m]
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y: surface tension [N/m]

r: capillary radius [m]

@: contact angle of the liquid with the glass of the tube [degrees]

p: density of the liquid [kg/m?]

g: acceleration due to gravity [m/s?]

However, to estimate the capillary rise in porous materials, it is also important to consider several
factors that influence the process [44], such as the evaporation conditions at the surface and the
amount of water available at the base of the materials. In the case of rising damp in porous mate-
rials, an explanation based solely on the capillary rise is not adequate, as water can evaporate
from the wall surface into the atmosphere, and thus, the rise of water by capillary action can be

balanced by evaporation. Therefore, the height of the wet front will be determined by the interac-

tion of these variables [45]. [46] presents a physical view of rising damp, as shown in Figure 6.
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Figure 6 — (a) Phenomenon involved in wall humidification by capillary rise. (b) Height of the wet source,
which depends on water absorption at the base and evaporation at the surface [46]

According to [46], Figure 6 depicts a structure composed of a porous material of thickness b and
height h, in hydraulic contact with the ground and of unlimited height. The starting point is the
proposition that rising damp is the result of competition between capillary absorption of water
along the base AA', whose total rate is designated by U, and evaporation of water along the ex-
posed surface BB', whose total rate is denoted by E. When the rising moisture is stabilised, there
is a steady state in which U = E, meaning that the incoming water is balanced with the outgoing

water.
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Sources for capillary rise can be groundwater or surface water. In the first case, the height of the
wet front on the interior walls is greater than on the exterior walls since evaporation conditions
are less favourable indoors. In contrast, in the second case, the height of the wet front may vary

from wall to wall but tends to be higher on the outer walls [39].

The absorption coefficient of water quantifies the amount of water entry into a porous material
due to absorption when its surface is in direct contact with liquid water. It can be obtained ac-
cording to equation (3) [47], [48]. The procedures for obtaining A,, are established by the standard
ISO 15148 [49]. This coefficient is used to approximately describe the increase of the liquid

transport coefficient with increasing moisture content, as presented in equation (4).
ms = Ayt 3)
Where:
my: mass per area of sorbed moisture from a water surface [kg/m?]
A,,: absorption coefficient of water [kg/(m?.s'?)]

t: time [s]

D, = 38 ( Aw ) 1000(%@)_1 (4)

cap
Where:

D,,: capillary transport coefficient [m*/s]

Weqp: free water saturation [kg/m?]

w: moisture content [kg/m?]

The capillary liquid transport in porous materials can be characterised by means of the transport

coefficients for suction and redistribution, using equations (5) and (6) [40].

Iw = _DLpV<p Q)
dw
Dcp = Dwa (6)

Where:
gw: density of liquid flux [kg/m?.s]

D, liquid conduction coefficient [kg/ms]

©: relative humidity [-]

d _— . .
d—‘”: derivative of moisture storage function [kg/m?]
9
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2.2.1.4. Moisture transfer during the drying process

The drying process of porous building materials is complex and difficult to analyse. However, the
knowledge of this process is important to understand the behaviour of these materials in service

[50]. The moisture content will be different at different depths of the constructive element [51].

According to [50], when a saturated porous material is in contact with the environment at constant
temperature and relative humidity, it is possible to identify three different drying phases with
different drying speeds, as shown in Figure 7. The first phase is characterised by constant moisture
content throughout the thickness of the material and constant drying speed. When water on the
surface becomes scarce and the wet front is reduced, the drying process occurs by diffusion be-
tween the limit of the wet front and the outer surface, which corresponds to the second phase. In
this process, the dry layer increases, and the flux is reduced. The third phase begins when the two
wet fronts meet, and the drying speed at this stage is extremely slow.

/\ Water content

1st phase
NNENRY
2st phase Rt
1% phase
3st phase }'i'!i;
e Gt
1 P |
Thickness e Slisse
T
1st phase BRE A E
2st phase 3d phase
3st phase
>
Drying speed

Figure 7 — Different phases of drying in a porous material ([50])

The different drying speeds during the evaporation process in a sample of plaster can be seen in
Figure 8. The evaporation flux rate changes according to the moisture content. When the material
is very humid (moisture content between 24% to 12%), the evaporative flux rate is high and al-
most constant, guaranteeing the highest and constant drying speed, as presented in Figure 7; when
it is between 12% and 9%, it presents a considerable reduction in the evaporation flux rate, and

below 9% of moisture content, the evaporation flux rate decreases sharply [4].
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Figure 8 — Evaporation flux rate at a fixed relative humidity (50%) and temperature (25°C) for a sample of
plaster [4]

To explain the drying behaviour at the beginning of the process, it is important to highlight two
important moisture contents. The first one is called capillary saturation or free water saturation
(Weap), presented in Figure 4, and corresponds to the saturated state obtained when a material is in
contact with water at atmospheric pressure. Secondly, there is the moisture content above which
liquid moisture transport starts to occur. That is called critical moisture content (wWcri¢) [52]. Below
Werit, the main transport mechanisms are vapour diffusion and adsorbed layer diffusion, while
above this value, capillary conduction is the main form of transport [52]. According to [38], in

this first phase of the drying process, the drying rate can be calculated with equation (7).

a
_ Weap=Werit) 5

9a (7

ta

Where:

Weqp: free water saturation [kg/m?]
Werie: Critical moisture content [kg/m?]
Jq: evaporation rate density [kg/m?.s]
d: thickness [m]

tq: duration of the first drying period [s]

The critical moisture content and the capillary moisture content are related to the pore size distri-
bution [38]. Hence, the pore size distribution of the materials will influence the evaporation rate

and, therefore, the temperature at the surface.
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2.2.2. HEAT TRANSFER IN POROUS MATERIALS

Heat transfer occurs when there is a temperature gradient. It is transferred via conduction, con-
vection, and radiation [37]. In conduction, there is heat transfer by collision between atomic par-
ticles without mass exchange. That is, energy is transmitted due to internal vibrations of molecules
without displacement of the molecules themselves [37]. The transmission between solids at dif-
ferent temperatures occurs by conduction, and according to the second law of thermodynamics,

the heat flow always occurs in the direction of lower temperatures [53].

Convection, on the other hand, is the result of the macroscopic movement of liquids and gases in
media with temperature differences, including contact with colder or hotter solids [53]. Convec-
tion can occur naturally due to differences in fluid density or can be forced by external forces that
promote movement [37]. As in the case of conduction, convection also needs a medium to occur
[53].

Heat is also transferred due to the emission and absorption of electromagnetic waves by surfaces
in a process named radiation. In this case, there is no need for a physical medium for heat transfer.
It can occur even when there is a vacuum between the surfaces of two bodies at different temper-
atures [37], [53].

The thermal system can also be affected by latent heat, which is directly linked to changes in
physical state. When water is evaporated from a surface, for example, an amount of sensible heat

equal to the heat of evaporation is absorbed, so the reaction acts as a heat sink [53].

2.2.2.1 Heat transfer by conduction

According to Fourier's Law, the rate of heat transfer by conduction in a material follows equation
(8) [37]. Equations (9), (10), (11) and (12) represent the relationship between the heat flux, the

heat rate, and the thermal resistance of each layer of a material.

d=-14 % (8)
Q== ©)
q — A Ti;Te (10)
q — Ti;Te (11)
R= & (12)

Where:
@: heat flow rate [W]

A: thermal conductivity [W/mK]
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A: area [m?]

g: heat flux [W/m?]

R: thermal resistance [m?*K/W]

T;: temperature at one side of the assembly [K]

T,: temperature at the other side of the assembly [K]

d: thickness [d]

2.2.2.2 Heat transfer by convection

The rate and flux related to convective heat transfer can be explained by equation (13) [47].
qc = he(Ts = Tg) (13)
Where:
q.: density of convective heat flow rate [W/m?]
h.: convective surface film coefficient for heat transfer [W/m?K]
T: surface temperature [K]
T,: temperature of a well-chosen spot in the ambient air [K]

The calculation of h, is complex and involves several factors, including the type of airflow, and
the type of convection, amongst others. This coefficient can be calculated using the information
in Table 3 and Table 4 [37], [54].

Table 3 — Convective surface film coefficient for heat transfer — natural convection [54]
Natural convection

he=2-|Ta-Ts|" At interior surfaces

03<h:=0.8 Stable air layers horizontal surface

hc=a- (AB /L) At ambient temperatures

3.5 Inside vertical surfaces

5.5 Inside horizontal surfaces (heat upwards)
1.2 Inside horizontal surfaces (heat downwards)
25 Inside vertical surfaces

5 Inside horizontal surfaces (heat upwards)
0.7 Inside horizontal surfaces (heat downwards)
3<h:<10 -
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Table 4 — Convective surface film coefficient for heat transfer — forced convection [54]
Forced convection

he=5+45-w-0.14 - w2 Windward side
hec=5+15-w w <10 m/s

Leeward side

v <8 m/s
he=56+3.9: w v <5m/s
he=7.2-v,078 vv > 5m/s
19.0 Outside surfaces
he=4+4-vw -
he=45+1.6-w Windward side
he=4.5+0.33 - vy Leeward side
10 <hc: <100 -

2.2.2.3 Heat transfer by radiation

Radiation can be explained as the propagation of photons or, alternatively, the propagation of

electromagnetic waves, independent of a physical medium [37].

A blackbody absorbs all energy incident on it, regardless of wavelength and direction. Planck's
Law deals with the radiation emitted by a black body. As shown in Figure 9, the surface of a
blackbody emits different amounts of energy at different wavelengths. For a fixed wavelength,

radiation increases with increasing temperature [37].

The total emissive power of a black body is obtained with the Stefan-Boltzmann Law, according

to equation (14) [37].

E,=o.T* (14)
Where:
Ej: total emissive power [W/m?]
o: Stefan-Boltzmann constant [5,67.10° W/m2K*]

T: temperature [K]

Real surfaces cannot emit the same amount of energy as a blackbody. The emissivity of a surface
is the ratio between the total radiation emitted by a body and the total radiation emitted by a
blackbody at the same temperature (equation (15)) [37]. The value of the emissivity is 1 for a

blackbody and 0 for a perfect reflector.
E (T)

€= (15)

Ep(T)
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10" ‘; P ] Spectral Radiance of
| Earth Surfaces

Spectral emissive power E [W/m?pm]

Wavelenght [um]

Figure 9 — Blackbody spectral radiance [55] adapted from [37]

The total radiative energy emitted by a surface is described by the Stefan-Boltzmann Law in

equation (16).
Q=¢€0AT* (16)
Where:
Q: Total emitted radiation [W]
€: emissivity [-]
o: Stefan-Boltzmann constant [5,67.10° W/m?K*]
A: area [m?]
T: temperature [K]

When radiant energy reaches the surface of a material, part of the radiation is reflected (p:), part
is absorbed (o), and part is transmitted (t), according to the constant relationship of equation (17).

Most solids used as building materials do not transmit radiation. Therefore, =0 [37].
pra+t=1 17

Since building components absorb longwave radiation emitted by other objects and by the atmos-
phere and also emit this type of radiation, there is always an exchange of longwave radiation with
the surroundings. Regarding radiative exchange in an indoor environment, for two close, parallel,
flat, and non-metallic surfaces at approximately room temperature, the radiative heat transfer co-
efficient has values around 3 to 5 W/m2K [54].
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2.2.3. COMBINED HEAT AND MOISTURE PHENOMENA

2.2.3.1. Combined moisture transport in building physics

In building physics, the relevant moisture transport mechanisms of vapour diffusion and liquid
transport through capillary forces occur according to the schematic diagram shown in Figure 10
[40]. It represents the interaction of water vapour diffusion and liquid transport in building com-
ponents that separate the indoor environment (higher vapour pressure) from the outdoor environ-
ment (higher relative humidity) in winter conditions. In low moisture contents (Figure 10a), va-
pour diffusion flows from inside to outside since the temperature (and consequently the vapour
pressure) indoors is higher than outdoors. When the moisture content rises (Figure 10b), a sorbate
film covers the pore walls (which are thicker on the outside than on the inside due to the higher
RH outdoors), and the water molecules move from the thicker film sections to the thinner sections
in a process called surface diffusion, which moves in the opposite direction to vapour diffusion.
When the total moisture increases (Figure 10c), the moisture transport is reversed, and the

transport becomes from the outside to the inside by capillary conduction.

Moisture transport in capillary pores

Relative humidity Vapour pressure
Hk‘"‘m_____ /
Outdoor //)<H Indoor
= Tl

Vapour diffusion
{absorbed water (a)
immobile )

Ll Vapour diffusion (b)
and liquid transport
in sorbate film

Increase in moisture content

(©)

‘ L e | Capillary transport

N A e A R A

Figure 10 — Schematic diagram showing the moisture transport in porous hygroscopic building material
with the gradients of vapour pressure and relative humidity running in opposite directions (winter
conditions). Adapted from [40]

In the sorption moisture region of most building materials (between 0 and 95% of RH in the
moisture storage function), vapour and liquid transport do not influence each other because liquid
transport happens via the micropores, while vapour diffusion occurs mainly in the larger pores
[40].
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2.2.3.2. Combined heat transport in building physics

When there is heat transfer in a material, there will be conduction phenomenon happening inside.
However, on the outer and inner surfaces, there will be convection and radiation. In these cases,
the heat flux will consider a sum of the thermal resistance of the material (Ry) with the thermal
resistance of the outer (Rse) and inner (Rsi) surfaces [37]. Equations (18), (19) and (20) contain

the calculation of the heat flux for a material.

Ti—Te

qn = Rse+Rm+Rsi (18)
d
R = 5 (19)
Ti—Te
= 20
n Rse+%+%+m+Rsi ( )

Where:

qp: combined heat flux [W/m?]

Ti: temperature at one side of the assembly [K]

Te: temperature at the other side of the assembly [K]
Ri.: thermal resistance of the outer surface [m2K/W]

R,.: thermal resistance of the layers [m?K/W]

Ry;: thermal resistance of the inner surface [m2K/W]

d: thickness [m]

A: thermal conductivity [W/mK]

The detailed modelling of heat transfer phenomena due to conduction by air adjacent to the sur-
face, convective transport by air flows, and emission of longwave radiation is complex. However,
it is possible to carry out simplifications that are adequate in the context of building physics [40].

Equation (21) contains the simplification of heat flux on surfaces of building materials:
q=h(T.-Ts) (21)

Where:

g: heat flux [W/m?]

h: surface film coefficient for heat transfer (sum of convective and radiative heat transfer coeffi-
cient) [W/m2K]

Ta : air temperature [K]

Ts: surface temperature [K]
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In building physics, it is usual to adopt standard values for the thermal resistance of the interior
and exterior surfaces of buildings. According to [40], the mean values of h for calculating the
heat and moisture exchange between outdoor and indoor building component surfaces and the
surrounding is 0.125 m*K/W for internal surfaces and 0.059 m?K/W for external surfaces. Values
for other situations, according to the position of the surface and the direction of the heat flow can
be found in [53].

2.2.3.3. Combined moisture and heat transport

The principles for calculating the thermal behaviour of building materials in dry conditions are
known, however, as moisture transport affects heat transport, these must be analysed together.
The heat and moisture transfer governing equations proposed by [40] are presented in equations
(22) and (23), respectively.

aw 2y

o ot V(DY + 8,V(¢Psar)) (22)
0H 0T
57 75 = VAVT) + hy, V(8,V(¢Psar)) (23)

Where:

Oow/de: moisture storage capacity [kg/m?]

OH/dT: heat storage capacity of the moist building material [J/kg]
w: moisture content [kg/m?]

©: relative humidity [%]

D, liquid conduction coefficient [kg/m.s]

8,: water vapour permeability [kg/m.s.Pa]

Dsar: Water vapour saturation pressure [Pa]
T: temperature [K]
A: thermal conductivity [W/m.K]

h,: evaporation enthalpy of water [J/kg]

In building physics, there is an approximately linear relationship between the enthalpy of a mate-
rial and its temperature. The enthalpy of a dry material, related to the enthalpy at 0°C, is described
according to equation (24) [56]. However, in the case of wet building materials, the enthalpy of
the water contained in the material must be added. Equation (25) can be used to determine the

enthalpy of water in a building material [40].
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Hy = pscsT (24)
Where:
hy: dry building material enthalpy [J/m?]
ps: density of dry building material [kg/m?]
c,: specific heat capacity of building material [J/kg.K]

T: temperature [K]

h,, = [(W — Wp)Cy + WeCp —h %]19 (25)

e 2,
Where:

hy: enthalpy of moisture in building material [J/m?]

cyw: specific heat capacity of liquid water [J/kg.K]

c.: specific heat capacity of ice [J/kg.K]

he: specific enthalpy of melting [J/kg]

w: moisture content [kg/m?]

we: frozen water content [kg/m?]

The moisture content also influences the thermal conductivity of building materials. Equation

(26) can be used to calculate this influence [40].
Aw) = 4,(1+ b.pﬁs) (26)
Where:
A(w): thermal conductivity of moist building material [W/m.K]
Ao: thermal conductivity of dry building material [W/m.K]
ps: density of dry building material [kg/m?]
b: thermal conductivity supplement [%/M.-%]

Supplement b indicates how much % the thermal conductivity increases per mass percentage of

moisture. Its value is determined according to the type of construction material.

The interaction of vapour diffusion and phase change is considered as a source or a sink of heat

in the heat balancing equation (27) [56].
Sn = h,Vg, (27)
Where:

Si: heat source or heat sink due to condensation/evaporation [J/m?3.s]
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hi: phase change latent heat [J/kg]

g,: density of vapour flow rate [kg/m?.s]

2.3. HYGROTHERMAL BEHAVIOUR SIMULATION

The analytical calculation of mass and heat transfer phenomena is complex, and, many times, it
cannot be carried out manually. There are tools for computational simulations of such phenomena
that make it possible to identify the hygrothermal behaviour of buildings. In the field of building
physics, hygrothermal models are widely used to simulate the combined transport of heat and

moisture and can be applied to a single component or to the entire building [54].

The difference between the models depends on the level at which each one considers parameters
such as: moisture transfer dimension; flow type (steady, semi-steady, or transient state); quality
and availability of information, and stochastic nature of data (material properties, time, construc-
tion quality), amongst others. [54] presented fourteen heat, air, and moisture transport simulation
models available to the public outside the organisation where they were developed: 1D-HAM;
BSim; Delphin 5; EMPTIED; GLASS; HygIRC; HAMLab; HAM-Tools; IDA-ICE 4.5;
MATCH; MOIST 3.0; MOISTURE-EXPERT; UMIDUS; and WUFI.

The hygrothermal balance usually considers: (i) heat fluxes by conduction, convection, and radi-
ation; (i1) moisture fluxes by vapour diffusion, convection, and liquid transport; and (iii) air fluxes

driven by natural, external, or mechanical forces [54].

The simulation in the software requires inputs about the interior and exterior environment, the
properties of the materials, and the boundary conditions. Normally, climate data that must be
inputted are temperature and relative humidity of outdoor and indoor air, barometric pressure,
incident solar radiation on the surface (direct and diffuse), incidence of rain on the outdoor sur-
face, wind speed and direction, and, in some software, longwave atmospheric radiation and cloud
index. Data can be obtained from a meteorological station nearby or measured with equipment or

simulated with specific software [54].

Overall, the required material properties are density, porosity, specific heat capacity, thermal con-
ductivity, water vapour permeability, absorption coefficient of water, and data from the moisture
storage function [54]. The theoretical basis presented in § 2.2 enables guidance for identifying the
required inputs, including the necessary laboratory tests and the identification of the surface trans-

fer coefficients, among others.

The simulations performed in this work were run in the WUFI Pro software, which allows the
simulation of the transient hygrothermal behaviour of constructive elements exposed to climatic
conditions. The WUFI family of software was developed by the Fraunhofer Institute for Building
Physics. WUFI Pro and WUFI 2D are intended for building component simulations, focused on
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the analysis of one or more layers of walls and roofs. The WUFI Pro software allows one-dimen-
sional analysis, while the WUFI 2D allows two-dimensional analysis with the possibility of sim-
ulations of corner angles and thermal bridges. The WUFI Plus and WUFI Passive versions allow
the analysis of the entire building, focusing on the indoor climate and the energy required to

maintain comfortable and healthy indoor conditions.

WUFI Pro only focuses on elements such as walls and roofs with one or more layers, subject to
specific external and internal weather conditions. The software enables analyses related to one-
dimensional cross-sections to assess the hygrothermal behaviour of building elements. In addi-
tion, it is also possible to incorporate post-processing modules into the software to allow the as-

sessment of the risk of mould growth or corrosion development in steel.

In calculating heat transport, WUFI considers thermal conduction, enthalpy fluxes by phase-
change of water, shortwave solar radiation, and longwave radiation. Regarding moisture transfer,
the effects of convection due to differences in total pressure were disregarded, and the only means

considered were diffusion of water vapour or movement of liquid water by capillarity [40].
With WUFI software, the following results can be achieved:

e Densities of heat flux through the interior and exterior surface.

e Temperatures and relative humidity at monitoring points.

e The moisture content of each layer and of the entire building component.
e Temperature, relative humidity, and moisture content profiles.

e Limiting isopleths for assessing mould growth.

Limiting isopleths show the limit below which no mould growth is expected. If conditions are at
a threshold above isopleths for an extended period, mould growth may be possible, but additional

criteria may be needed for an accurate statement, according to the WUFI Pro database.

2.4. MOISTURE DIAGNOSIS

Since moisture plays a crucial role in the durability of building components, there is a need for
accurate ways of assessing it. Both destructive and non-destructive tests are available for the di-
agnosis of moisture in building components. [57] presented a classification of the methods that
can be used for moisture measurement (Figure 11), highlighting that the use of destructive tests
has the disadvantage of not being applicable to all situations due to restrictions on the level of
damage to the elements, but that the use of non-destructive tests also requires attention due to the

conditions of use, since it is necessary to guarantee reliable results.
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METHODS OF TESTING THE MOISTURE CONTENT

I

DESTRUCTIVE METHODS NON-DESTRUCTIVE METHODS
I
DIRECT METHODS INDIRECT METHODS INDIRECT METHODS
= gravimetric = carbide = the paper indicator method

= the chemical method * the gamma radiation scanning method
(Karl ?ﬁmhc” . * the neutron method

= electrical resistive "

* the nuclear magnetic resonance method

* the infrared method

» the optical and videography methods
* diclectric

* microwave

= the electrical impedance tomography

Figure 11 — Classification of methods for assessing the moisture content [57]

Techniques for measuring moisture in porous materials have undergone great development in
recent years, from traditional techniques, such as the gravimetric method, to more modern tech-
niques, such as nuclear magnetic resonance, microwave reflection, infrared thermography, and

the use of electrical properties of the material [44].

According to [57], the direct gravimetric method provides the most reliable results of the moisture
content of all known methods. However, it is necessary to take samples of the material for its use.
This method consists of collecting samples and sending them to the laboratory to determine their
mass before and after drying at a temperature of 105°C. The moisture content (u) in percentage is
calculated according to equation (28), in which m,, is the mass of the wet sample in kg and m

is the mass of the dry sample in kg [58]:
u =2wTMd 1900, (28)
m

d

[57] also highlights that the classification of the moisture content of brick walls can be done ac-
cording to Figure 12, which shows that moisture content above 3% is already considered high and

that higher than 8% is already considered very wet/damp.
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Figure 12 — Classification of the moisture content of brick walls [57]

Figure 13 presents a comparison between different moisture measurement techniques that were
used by [59] to assess moisture content in a church in Italy. The authors found that the techniques
used to evaluate moisture in a more superficial layer (up to 20 mm deep) were in line with each
other, while the data obtained with the techniques used to investigate the masonry more deeply
showed great variability.
IRT EFD NMR Holographic radar ~ Gravimetric test Fixed points
Depth Surface 20 mm Surface — 5 mm 50 — 200 mm, Up to 200 — 300 mm Up to 200 mm

depending on the
chosen freguency

Feasibility Portable, Portable, Portable, Portable, Collection of samples Collection of samples
noncontact, contact meas., contact meas., contact meas., and laboratory meas., and laboratory meas.,
non invasive non invasive non invasive non invasive invasive invasive

Surface Any surface Flat surface Any flat surface Flat surface Any surface Any surface

features with low (dimensions of

for the specular the investigated

application  reflectivity area: 20 x 50 mm?)

Best work RH < 70% Any condition Flat surface Any condition Any condition Any condition

condition T=6-7°C (affected by iron)

Figure 13 — Comparison of the feasibility of IRT, EFD, NMR, holographic radar, gravimetric test, and fixed
points [59]

Regarding the commonly applied measurement methods, [58] highlights that the gravimetric or
carbide methods provide only discrete measurements of moisture content, and the lack of a
method that determines the spatial distribution of moisture that does not require drilling and sam-
pling is still a challenge. Additionally, the study points out that indirect methods need scale, and
their accuracy may depend on chemical composition, density, pore structure, type of salt and its

concentration, amongst others.
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For the monitoring and inspection of buildings, non-destructive tests are more suitable than de-
structive ones, as they do not cause damage to the structure and systems, allowing to check the
current situation of the building immediately and classifying the degree of deterioration of each

part, and, in this way, plan the necessary maintenance and/or repair measures.

Electromagnetic methods are valuable tools for monitoring moisture and its distribution in build-
ing components. In addition to moisture-sensitive dielectric properties, building materials mainly
reveal electrolytic conductivity, which depends on the moisture content. Therefore, specific elec-
trical conductivity can also be used to estimate moisture. Since various phenomena affect the
conductivity of materials, making it difficult to process this value, the potential of conductivity
was overlooked for a long time. However, recent advances are promising for the use of this tech-
nique for moisture analysis [60]. The electrical resistance measurement can also be used to esti-
mate moisture content indirectly by measuring the resistance to the passage of an electric current

between two electrodes in contact with the surface of the material [61].

The moisture detector used by [11] operates according to the principle that the electrical imped-
ance of the material varies proportionally to its moisture content. Hence, the equipment measures
this impedance by creating a low-frequency electric field alternating between the electrodes and
displays on the screen a value on a relative scale, in percentage, which indicates the dimension of

the signal, that is, higher values represent a higher moisture content.

[62] analysed a moisture-related defect in a concrete column structure using non-destructive tests
based on electrical resistivity and found that the electrical resistivity was lower at the base, which
indicated that there was more moisture in that area. [63] studied in the laboratory the influence of
the moisture content on the properties of an industrialised mortar coating. To assess the surface
moisture of the coatings, an electrical resistivity hygrometer was used. Tests carried out with wet
or saturated coatings showed much lower adhesion and surface resistance than when they are in

the air-dried condition.

The moisture meter was also used by [64] in a study of rising damp in masonry walls made of
ceramic blocks with different waterproofing solutions for the beams, subfloor positioning and
paint age of mortar coatings. Through the dielectric constant of the material, it was possible to
verify that flexible waterproofing was more efficient than rigid waterproofing to mitigate moisture

transfer from the foundation beam to the wall.

[16] used the electrical resistance measurement test to assess the moisture of the external walls of
a historic building. With the data from the moisture meters, moisture maps were made, as shown
in Figure 14, thus allowing the identification of the location and size of the affected areas and the
corresponding moisture values for these areas. The device provided values on a scale from 0 to

100, by which it was possible to estimate whether the material was wet (blue), intermediate
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(yellow) or dry (red). The study emphasises, however, that the results only indicate the level of

moisture that the material has and do not traduce the moisture content.

0 100 200 300 400 SO0 600 700 800

Figure 14 — Historic building fagade moisture map [16]

[65] points out the need to pay attention to the results obtained with moisture meters, since dis-
solved salts can affect the results. Also, according to the authors, sometimes the readings of the
percentage of moisture provided by different meters in the same circumstances can differ signif-
icantly. Therefore, it is necessary to be careful in the measurements carried out with this tech-
nique, evaluating the conditions of the inspected substrate and, also, understanding how to inter-

pret the results provided by the moisture meter used.

2.5. INFRARED THERMOGRAPHY — IRT

2.5.1. PRINCIPLES AND HISTORY

Infrared thermography is a non-destructive testing method that does not require contact with the
surface under study and allows evaluating the thermal behaviour of buildings, enabling the iden-

tification of potential problems [1].

In the last few decades, this technique was not widespread due to the high cost of equipment and
a large number of criteria that must be established to make it possible to identify accurately the
anomalies. However, measurements with IRT are gaining more and more popularity in many
research areas due to the increasing availability of equipment, the agility of its use, and the large

number of applications, which make it a technique with great potential [66], [67].

IRT started being used in 1950 with the first radiometers and evolved in 1960 when the first
thermal imagers were created. However, the initial equipment did not measure temperature. From
1970 onwards, temperature measurement was implemented, and, in subsequent years, equipment
was improved [68]. This technique is based on the detection of infrared radiation emitted by the

surface of bodies, converting this radiation into a thermal image, which portrays the distribution
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of the surface temperature of the body, in which each colour expresses a certain temperature range
[11].

As real surfaces do not totally absorb incident radiation, nor re-emit it uniformly in all directions
[69], it is important to consider the emissivity of the materials for the analysis of surface temper-
ature with this technique [91]. In laboratory tests carried out to evaluate the influence of the emis-
sivity value on the measurements made with infrared thermography in specimens of autoclaved
cellular concrete, [55] verified that the choice of the appropriate emissivity value can facilitate
the visualization of temperature differences in the thermal image. The choice of the correct emis-
sivity value to be used is essential for quantitative analysis, but it might not be very relevant in

the case of qualitative analyses.

Another important factor to be observed in the analysis with IRT is the field of view of the equip-
ment, which determines its total viewing area, depending on the distance to the object under study.
Figure 15 depicts the measurement field of view of a thermographic camera, indicating that de-
pending on the size of the object to be measured, it must be located at an ideal measurement

distance for the thermal image reading to be accurate.

The thermal image

The visible image

30cm

0cm 50cm Im 5m 10m J
Minimum

Detectable size

Figure 15 — Measurement field of view [70]

The thermographic inspection methodology consists, firstly, in recognizing and/or measuring the

object in situ with the camera and, subsequently, more in-depth analyses can be conducted using
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the corresponding software. When using the thermographic camera and software, the image must
be corrected, that is, parameters such as emissivity and reflected apparent temperature must be
considered [13].

The reflected apparent temperature is related to the radiation emitted by other objects and re-
flected by the surface under study, which is detected by thermographic cameras. This must be

corrected to ensure accurate measurements and the methods presented in [71] can be used.

The standards [72], [73] specify how the detection of thermal irregularities in the envelope of
buildings should be carried out. According to these standards, the principle of thermographic in-
spection comprises the determination of the surface temperature distribution in a part of the build-
ing envelope, followed by the verification of areas with abnormal surface temperature distribution

and, finally, analysis of the type and extent of the defects.

2.5.2. MEASUREMENT APPROACHES AND RESULTS TREATMENT

Infrared thermography is a technique that can be used with two approaches: passive and active.
In the passive approach, the heat flux in the inspected material is generated by the natural bound-
ary conditions [74], which means no energy source is needed for the anomaly to become detect-
able by the camera. Active thermographic inspection, on the other hand, consists of using an
external heat source to stimulate the materials to be inspected and measuring the increase in tem-
perature of the heated surface, according to the supplied flow [10]. This approach is necessary
when the defects to be studied are in thermal equilibrium, with all points at room temperature,
thus, it is necessary to generate a heat flow so that the structural and thermophysical properties of

the material in the damaged area can increase or prevent this flow [75].

According to [76], in active thermography, the behaviour of a building component can be studied
with thermal stimulation, which can be applied at intervals, by Pulsed Thermography (PT), or in
a more prolonged form, by means of Thermography Continuous Heating (Step Heating Thermog-
raphy — SHT). The Modulated Thermography technique (Lock-in Thermography — LT) uses pe-
riodic heating instead of pulsed heating [75].

In active thermography with external stimulation, optical systems are usually used, such as halo-
gen lamps (periodic heating), or photographic flashes (modelled impulse heating) [45]. In the PT
technique, energy is applied to the specimen using pulsed excitation by a rapid burst of thermal
energy, and in the LT technique a modulated laser source is used to periodically illuminate the

object's surface point by point, and this technique requires longer inspection times [75].

The comparison between the LT and PT techniques was carried out by [77], in the quantitative
analysis of defects below the surface of acrylic samples. With the study, it was verified that the

LT technique provides quantitative information about the size, depth, and thermal resistance of
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the defects. The PT technique is, in principle, faster than the LT. However, it has limitations since
to show deeper defects it is necessary to heat more the surface, which can damage the materials.
The authors also verified that the techniques allowed the depth of the defect to be defined with a

combined standard uncertainty of around 5% for thicknesses of up to 3.6 mm.

Active thermography was used to locate defects in building elements [78]. A 7.2 kW infrared
radiator was used for 30 minutes, and, as a result, defects were detected at a depth of up to 22 mm
from the surface. The authors identified that to locate defects in building components, it is enough
to heat the surface to a temperature of approximately 60° C, with which the test does not lose its
non-destructive character. They also verified that the greater temperature contrast between the
defective and non-defective sections appear in an interval of 15 to 40 minutes from the beginning

of cooling down phase.

The analysis of results obtained with IRT can be carried out qualitatively or quantitatively. Qual-
itative analyses involve looking for any sign of non-uniformity in the thermal patterns. The het-
erogeneities are caused by different thermal properties between the region with anomalies and the
region without problems. Therefore, the areas with defects will be visualised by the difference of

colours in the thermal images [75].

Although some problems can be identified and analysed using qualitative inspections, there are
some applications that require using quantitative techniques, such as the analysis used to charac-
terise the different types of existing defects in buildings and assess their severity [69], [79]. In

quantitative inspection, specific temperature values are used.

2.5.3. APPLICATIONS IN DEFECT DIAGNOSIS

IRT can be used for the detection of abnormalities such as moisture (more detailed discussion on
this topic can be found in § 2.5.4), detachments and voids [5], [6], [80], [81], [82], [83], [84],
[85], [86], [87]; energy loss and thermal performance [7], [9], [88], [89]; and cracks [8], [90],

[91]. In this way, IRT results can be integrated to assess several pathologies.

In the research carried out in situ for the analysis of cracks in coatings, results showed that in-
spections are more accurate in the afternoon and in the dry season [90]. On the other hand, other
authors identified that measurements taken in the morning allow a greater difference in tempera-
ture between the region with cracks and the region without cracks, providing clearer thermal im-
ages [91]. Figure 16 depicts the thermograms captured in the inspection carried out by [91] at

three different times of the day in the analysis of cracks on a fagade.
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Figure 16 — Thermograms captured to assess cracks in a wall. (a) Inspection 8:00; (b) Inspection 10:00; (c)
Inspection 15:00 [91]

Still, [90] identified cracks with a temperature lower than the temperature of the region without
defects in measurements taken in the afternoon, while [91] identified higher temperatures in the
region of the cracks both in the morning and in the afternoon. [92] found that thermograms taken
in the morning show a higher temperature in the regions of cracks, while measurements taken in

the afternoon and evening indicate the area with cracks at a lower temperature.

In addition to the time of measurement, it was possible to verify that the temperature difference
also depends on other factors, such as the depth of the crack and the level of degradation of the
coating. [91] found a temperature difference of up to 9.4°C in linear cracks with higher solar
incidence, while, in the late afternoon, when there was no direct solar radiation, this variation was

1°C. In measurements made by [90], the maximum variation found was also 1°C.

Although it is possible to use infrared thermography to analyse cracks, it was found that: (i) not
all cracks visually detected were identified in thermal images [90]; (ii) it was only possible to
detect microcracks with IRT in materials in tests carried out in the laboratory, but only in one of
the samples under study, where the microcracks were also visible to the naked eye [8]; (iii) and
in situ analyses are complex and strongly depend on climatic conditions, such as temperature and
incident solar radiation [8], [91]. Furthermore, the analysis of the literature on this topic showed
great differences on the ideal moment stated by the authors for the measurements to be carried
out and also on the period of the day in which the temperature of the crack was higher than the
region with no defects. Therefore, for a good diagnosis, it is necessary to understand the physical
phenomena related to the use of the technique, as well as the climatic conditions and characteris-

tics of the substrate of the situation under study.
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Thermography can also be used to identify and analyse defects in concrete structures, such as
voids, delamination, and displacement, especially in areas where access is difficult, considering
that, during the day, when the sun and the ambient temperature are heating the material, the sur-
face area above the delamination heats up at a faster rate than surface areas where the concrete is
intact, whereas during the night when the ambient temperature is decreasing and the material is
cooling, the surface area above the delamination cools at a faster rate than the defect-free area of

the concrete.

According to [85] in a research carried out to detect defects in reinforced concrete structures, there
are some contradictions regarding the best period of the day for the measurements since some
researchers recommend measurements at daytime, from 5 to 9 hours after sunrise, for solar heat-
ing [86], while there are also reports that the thermal image produced after 40 minutes of sunrise
yielded a much clearer image than that recorded at noon [93]. However, [94] concluded that for
this application, the inspection should be carried out during periods of the day or night when solar

radiation or its absence produces the fastest heating or cooling of the concrete surface.

[84] carried out tests with a concrete block, in which styrofoam plates were inserted at depths of
25, 51, 76, and 127 mm to evaluate the thermal contrast on the defects, at different moments of
the day. Figure 17 portrays the results found, through which it is possible to verify that the maxi-

mum contrast occurred with the styrofoam at a depth of 25 mm at approximately 12:00.

As an advantage of analysing delamination in concrete, it is highlighted that thermography pro-
vides fast and accurate images and can be applied at distance. However, some limitations are also
pointed: dependence on environmental conditions to create thermal gradients in concrete that are
necessary to detect inner voids or delaminations [84]; the lack of homogeneity of the concrete due
to irregular distribution of the grains and the incorporation of different materials make it difficult
to obtain accurate images [87]; the lack of information regarding the depth of the defect; and the
fact that the technique must be used in conjunction with other techniques, such as ground pene-

tration radar, to obtain more reliable results [87], [94].

In laboratory analyses carried out to verify the applicability of thermography to identify detach-
ments in coatings, it was found that regions with detachments produce higher temperatures during
heating and lower temperatures during cooling, which occurs because the defects create an air
layer between the coating and the substrate, increasing the thermal resistance and changing the

distribution of temperatures in the areas that present problems [81], [82], [83].

In situ tests [82] showed that heating the surface with direct sunlight allowed adequate identifica-
tion of hidden defects on the facade, as shown in Figure 18. However, there are restrictions on
certain periods of the day. Therefore, it is necessary to plan the inspection and consider the
weather conditions. [81] proved to be possible to identify detachments in situ, both on cloudy and

sunny days, but on cloudy days, the thermal contrast was lower, and detection was more difficult.
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Figure 17 — Thermal contrast in concrete block over a 24-hour period [84]

Figure 18 — Use of IRT to identify detachments in fagcades [82]

Some authors stated that at the beginning of the cooling phase, the regions with detachments
undergo an inversion of the thermal contrast, in which they change from a warmer condition to a
colder one in relation to the areas without defects. Therefore, there will be a point in time where
the temperatures of the two regions will be similar and the defects will be little or not visible in
thermograms [14,46,47]. This inversion in the thermal contrast during the heating and cooling
phases was also investigated by [95] when assessing surfaces of bonded and unbonded tiles. The
authors found that in the state between the cooling and heating phases, almost no thermal differ-

ence could be seen, showing the limitation of applying IRT during the equilibrium phase.

The analysis of the published results shows that the change in ambient temperature is a factor of
great importance in the thermal contrast between the areas with and without defects. However,
thermography can also be affected by parameters such as solar radiation, surface emissivity, wind

speed [87], surface colour, infrared reflections from metal or glazed surfaces, distance between
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camera and object, camera characteristics, and calibration procedures [96]. Other factors should
be considered for the accuracy of the measurements, such as not carrying out inspections in rainy

conditions or with wind speeds higher than 25 km/h [60].

Regarding the analysis of the thermal performance, [88] used IRT for the diagnosis of thermal
bridges in buildings through inspections at different moments of the day, with and without solar
radiation and with and without a heating source. Through this study, it was possible to verify that
IRT cannot be used to study zones in thermal equilibrium since it is the heat flux through the

building element that allows highlighting the areas with lower thermal resistance.

This technique coupled with the blower door apparatus to depressurise the indoor environment
was also used to detect air infiltrations [89]. Simultaneously, the corresponding airflow was meas-
ured. The authors verified that the active approach increased the thermal contrast in the areas near
the leakage points, proving that IRT combined with the blower door apparatus is an effective

method to detect air infiltrations.

[97] used infrared scanning in fourteen residential buildings with different construction charac-
teristics in order to verify whether the technique allows estimating, indirectly, the thermal trans-
mittance of external walls. The authors verified that the technique is not very reliable for buildings
with external walls with thermal insulation (cavity and insulating material), while the results were

reliable for walls made of solid bricks and mortar.

Recent studies showed that using IRT to estimate the U-value of buildings is possible, as long as
there is a minimum of 10°C of temperature differences between indoor and outdoor environments

and low wind speed to minimise errors [96], [98], [99].

2.5.4. APPLICATIONS IN MOISTURE ANALYSIS

According to [1], changes in moisture content can be detected by infrared thermography because
they are related to changes in surface temperature according to three physical phenomena: evap-

orative cooling, reduced thermal resistance and high heat storage capacity.

The evaporative flow is a very important measure for analysing the effects of moisture on the
degradation of building materials [4]. Evaporation on the surface is an endothermic reaction
which induces a decrease in surface temperature [1]. According to [100], if a material has a mois-
ture content higher than the humidity of the surrounding environment, the moisture inside the
material will begin to evaporate, and this will lead to a decrease in the surface temperature of the
material so that the higher the moisture content, the greater the loss of heat by evaporation and,
consequently, there will be a drop in the measured temperature. Therefore, regions with high
moisture content, subject to evaporation, will appear in thermal images with a lower temperature

than drier regions.
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The factors that most influence superficial evaporation are the relative humidity of the air close
to the surface, the air temperature, the moisture content of the material, the physicochemical char-

acteristics of the material and the content of soluble salts [4], [10], [101].

In terms of surface degradation, [4] point out that more intense surface evaporation reduces the
risk to the material because under saturated conditions, the salts remain in soluble form, and their
deposit will occur on the surface, while in lower moisture contents and, consequently, lower evap-

oration rates, there will be favourable conditions for crystallisation of salts inside the material.

The specific heat and thermal conductivity of water are higher than those of ordinary building
materials. Therefore, when water is present in these materials, their density, specific heat, and
thermal conductivity will increase [10]. Since thermal resistance is inversely proportional to ther-
mal conductivity, the thermal resistance of wet materials is lower than that of dry materials. So,
as the heat flow through these wet materials is greater, a heterogeneous thermal pattern will be

created, with different surface temperatures between the dry and wet region [1].

When the surface evaporation is restricted due to the presence of a more vapour impermeable
superficial layer, the temperature variations on the surface will be caused by heat storage capacity

of the wet material or by reduced thermal resistance of the moist region [102].

The principle of high heat storage capacity is related to the fact that a wet material will respond
more slowly to a change in air temperature than a dry material. Based on this principle, during
surface heating, dry areas will heat up faster than wet areas and with surface cooling, dry areas
will also cool faster [1]. Therefore, the high heat storage capacity of the wet material will create
different thermal patterns at the surface under heating or cooling phases, which are detected by

infrared thermography.

Although IRT can be used for moisture analysis in buildings, its application requires more studies
because wet areas can be colder than dry ones, but they can also be warmer [10]. The temperature
of the wet areas will be lower than the temperature of the dry areas due to superficial evaporation.
When there is surface heating, the temperature of the wet areas will also be lower during heating
due to the reduced thermal resistance and the high heat storage capacity of the wet material. How-
ever, when cooling occurs, the temperature of the wet areas will be higher due to the high thermal

capacity of water compared to dry materials [4].

Still, difficulties in applying IRT also occur due to the complex and variable relationship between
evaporative flow and surface temperature [4] and the strong influence of radiation from the sur-

roundings and the optical properties of the inspected surface [51].

Several studies in the past years have highlighted the need to conduct studies to analyse the influ-
ence of environmental conditions [10] in order to find a direct correlation between the variables
and obtain a valid measure to assess evaporative flow through IRT. Currently, despite the numer-

ous advances in the use of thermography for moisture analysis, establishing a criterion for
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quantitative analyses is still an obscure item. The criteria that can be found in the literature are
suitable for specific cases and cannot be generalised [1], as also highlighted by [102], when

pointed out that IRT applied to assess moisture is not yet fully standardised.

Thermal images for moisture analysis are very useful, as they portray the spatial distribution of
wet areas [4]. A homogeneous dry wall without defects will present an almost homogeneous ther-
mal image, but if it is affected by moisture, the thermogram will portray the moist areas with a
different thermal pattern [13]. The authors in the study carried out by [4] points out, however, that

the technique only investigates the existence of water in a thin surface layer.

Both active and passive infrared thermography can be used to assess moisture. With the passive
approach, a large surface can be mapped, performing an early diagnosis in areas with greater risks
of degradation. However, it has the disadvantage of depending on environmental conditions and

microclimate [10].

Generally, the detection of defects in dynamic thermal regimes seems to be more appropriate than
in the steady state, and the detection of defects in materials can be improved by a thermal stimulus,
either by solar irradiation, by air flow, or by radiation from an artificial source. One way to im-
prove moisture detection, for example, is to increase water evaporation from the surface of the
material, by increasing the air flow, exposing the material to continuously modulated ventilation
[4], [79]. Table 5, presented by [10], depicts the characteristics of using active and passive ther-

mography for moisture analysis.

Table 5 — Characteristics of the use of active and passive thermography for moisture analysis [10]

Active Method
(Detection of major inertia ar-
eas)

Passive Method
(Detection of surface interested by
evaporative flux)

Advantages

Direct measurement of mois-
ture content (in laboratory sam-
ples)

Direct relationship between evapo-
rative flow and surface damage.
No heating required. Applicable on
large surfaces

Limitations

Difficulty in obtaining high and
homogeneous heating. Refer-
ence method: measurements
are relative to a dry area

Dependence on the environment
and microclimatic conditions

Dependence on solu-
ble salts

Yes; Soluble salts can change
surface absorption

Yes; evaporative flow decreases
where soluble salts are present

Speed of the test

Fast measurements in the
field, quantitative results re-
quire a post-processing phase

Fast measurements in the field,
quantitative results require a post-
processing phase

Sensibility to the mois-
ture content

Low-medium: 10% for porous
materials

Low-medium: 10% for porous ma-
terials

Dependence on envi-
ronmental conditions

No

Yes

Cost

Low

Low
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2.5.4.1. Laboratory tests

In the works carried out by [11] and [13], the results of thermography were compared with the
ones obtained with a surface moisture meter and, in the case of [12], a RH sensor placed inside
the masonry was used for comparison. In [103] and [55] the water absorption during the test was
also monitored, by weighing the specimens. In [12], water absorption was not monitored during
the humidification process, however, after the stabilization of the wet front, the wall was demol-
ished for weighing and verification of the actual moisture content in different location in the ma-

sonry.

The maximum temperature difference (AT) between the dry and moist regions throughout the
humidification or drying strongly depends on the properties of the material tested and the envi-
ronmental conditions, since high maximum values of AT were found, above 10°C, in the case of
porous stones [103] and maximum AT values slightly higher than 1°C were found for limestone
walls [11], [104], lightweight concrete blocks [104], and concrete blocks [13]. Intermediate values
of maximum AT were found by [12], between 2.2°C and 2.3°C, in the case of brick walls and
4°C, in the case of prismatic specimens of autoclaved cellular concrete [55]. [12] concluded that
thermography results quickly and accurately portray the areas of the wall with high moisture con-
tent and [103] highlighted that IRT is an effective tool for analysing the behaviour of water per-

colation in materials untreated and treated with various consolidants.

The porosity and permeability of the materials were not presented in all these studies. Hence,
there is no way to accurately assess the influence of these properties on the AT. However, it ap-
pears that there is a trend for the more porous materials to present a AT higher than the AT of
materials with lower porosity. This situation can be explained by the fact that the moisture content
will be higher in these materials and, therefore, there will be greater surface evaporation in the

moist region, sharply decreasing the temperature in these areas.

[105] explored active IRT for estimating soil moisture content and found a strong correlation
between soil surface temperature and moisture levels, validating thermography as a non-invasive

tool for assessing moisture.

Other relevant contributions of previous studies on moisture analysis through IRT can also be

highlighted:

e The comparison of the thermal images with the data from the moisture meter showed that
the thermography results were not completely in line with the results obtained by the
moisture meter since this device detects moisture at deeper levels than thermography.
Therefore, it was verified that, at the end of the test, in the thermal images the maximum
level of moisture obtained with IRT was much lower than the level indicated by the mois-
ture meter. This can be explained by the evaporation at the surface being more prepon-

derant than the capillarity, which allows stabilization of the level of superficial moisture,
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while inside the specimen the capillarity is the main force and the moisture level contin-
ues to rise [11];

¢ In thermal images, an intermediate moisture range, not visible to the human eye, can be
identified [11], [13];

e The correlation between the maximum visible height of the wet front, the AT and the
maximum height detected by the moisture meter showed that there is not a good linear
correlation between the variables, especially when comparing the AT and the levels of
the wet front visually detectable and assessed by the moisture meter. Still, the authors
found that the complexity of the phenomenon is confirmed by the best approximation
found with a polynomial correlation, highlighting the need for further studies under con-

trolled environmental conditions [11].

Despite obtaining promising results for the use of IRT for moisture analysis in the laboratory,

some needs for improvements are printed in [104]:

i. Separate the cooling effect due to the presence of water from the adjustment of
the surface temperature to room temperature.

ii. Analyse different moisture contents to understand their influence on the results.

iii. Correlate the results with the properties of the materials.

iv. Develop a way to model this phenomenon to correlate the decrease in surface

temperature with moisture evaporation.

2.5.4.2. In situ tests

By analysing the available literature, it appears that all studies implemented the passive approach
to assess moisture in situ using IRT, that is, no artificial source of heat is used. However, in some
situations, part of the monitoring was carried out during the period of solar incidence [14], [15],

which means that a passive approach with a natural source of heat was used.

Regarding the maximum AT detected between dry and moist regions, it is noteworthy that in the
measurements conducted by [14] and by [15] in the rainy season, the maximum AT of 3.9°C was
found at 10:00 am and 2.4°C at 2:00 pm. The difference in the amplitude of the thermal gradient
in the two situations may be due to moisture content and the environmental conditions (tempera-

ture, relative humidity, wind, and solar radiation).

According to [79], the observation of wet areas in thermal images can be improved by heating the
surface due to the high heat storage capacity of water and the fact that high moisture contents

increase the thermal conductivity. However, attention must be paid to the balance of different
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effects acting at the same time. Therefore, cases with incident solar radiation are more complex

and require greater attention since new variables must be considered in the analysis.

The measurements carried out by [1] also took place after a rainy week, but the authors found a
maximum AT lower than 1°C. The small amplitude of AT may be due to the moisture content of
the substrate, the temperature and relative humidity of the air, and the lack of sunlight on the wall

under study.

In the comparison of measurements carried out during sunny and rainy periods [15] printed that
in the sunny period, the AT was only 1.4°C and 1°C lower than in the same region in the rainy
period. According to the authors, this difference may have occurred due to the drying provided
by the sunny period, which decreases the moisture content. However, it was not possible to verify
if the measurements were taken in the beginning of the drying process or after a while, which will

influence the thermal gradient.

[73] also compared the results of the measurements performed with the thermographic camera
positioned 3 m and 4 m from the wall under study, but no relevant differences were observed in

the measurements.

[1], [11], [16] compared the results of thermography with a moisture meter. The thermal images
and the moisture maps generated based on the measurements with the moisture meter were not in
complete agreement since thermography only detects superficial evaporation, while the meter
detects moisture at greater depths. In [1], the level of capillary rise identified in the thermal image
was lower than the one obtained with the moisture detector, as depicted in Figure 19. As a result,
[16] point out that, to reduce the risk of error and to provide a more detailed diagnosis, the two

techniques should be combined.

Figure 19 — External wall of a basement of a residential building: a) thermal image b) moisture meter
results [1]

The results presented by [100], which used a thermographic camera with lower resolution than

the ones used in other studies, showed that even with equipment with lower resolution it is
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possible to detect moisture, as temperature differences between the wet and the dry areas were

also identified.

[4], [10] also carried out in situ tests with thermography for moisture analysis in conditions of
high relative humidity, noting that this condition is critical for inspections due to the lower effects
of evaporative cooling. [4] verified that thermograms obtained on the internal side of external
walls did not provide useful information on surface water distribution. However, in inspections
carried out on the external side, which was never directly exposed to solar radiation, colder tem-
peratures were observed in areas closer to the ground. Therefore, the authors concluded that, in
general, conditions of high humidity and low ventilation make the evaporation rate very low, so

these conditions are not suitable for passive detection of evaporative flow.

A study carried out by [106] assessed the drying process of external walls for 6 days using ther-
mography and a moisture detector. The authors concluded that the thermal images obtained were
not very useful regarding the drying process, due to the following factors that affected the results:
dirt on the surface; the different thermal conductivity of interior wall layers; and difficulties in
isolating the effect of solar radiation, wind, and air temperature. [107] explored the applicability
of IRT for diagnosing historical buildings and highlighted the difficulty of measuring the water
content only by thermography because: the presence of plaster detachment and stains may affect
the results; the winter heating active inside the building can prevent a correct moisture detection;
the heating tends to dry the wall surface, masking the moisture map in case of low to medium

water content; and existence thermal bridges may cause false alarms.

[108] assessed the effectiveness of IRT for detecting capillary moisture in buildings and pointed
that IRT detected areas affected by humidity. However, it did not provide information about the

problem severity, and it presented limitations as it is influenced by environmental conditions.

The results obtained from in situ tests proved that the thermal amplitude between the dry and
moist regions is influenced by the environmental conditions, the properties of the materials, and
the degradation status of the substrate. Regarding in situ measurements, [51] point out that alt-
hough solar radiation or the wind make the surface temperature highly variable, thermal patterns

can be used as an indication of moisture.

The studies pointed to several factors affecting the use of IRT for moisture analysis. However,
they also presented that IRT has a great feasibility for diagnosing defects in buildings and if en-
vironmental conditions and other external factors are properly investigated, IRT can be a valuable

tool for moisture analysis.
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2.6. MACHINE LEARNING AND AUTOMATION FOR MOISTURE ANALYSIS

2.6.1. PRINCIPLES

Machine learning (ML) is a part of the field of artificial intelligence (Al) that enables learning the
relationships between quantities of interest based on data, intending to obtain information on how
a system works and make predictions for unobserved quantities [109]. The choice of the most
adequate machine learning model for each problem depends on the nature of the data and the
information that is to be predicted. If the training data used to feed the algorithm is labelled with
the desired solution, the learning process can be supervised, and models such as K-Nearest Neigh-
bour, Linear Regression (LR), Logistic Regression, Support Vector Machine (SVMs), Decision
Tree, Random Forest, and Neural Network (NN) can be used. On the other hand, if no labels are
set in the training data, and the objective is to discover structures, patterns, or even anomalies
without knowing the answer, the learning process is unsupervised, such as in clustering algorithms
[110].

Neural Networks exists since the 1950s. However, it was only in the last years that this technique
presented remarkable progress due to rise in available training data, increased computational ca-
pacity, and improved methods that allow training deep neural networks [109]. In this context, the

term deep stands for the idea of successive layers of representations [111].

Numerous architectures can be used in NN applied to building diagnosis, such as Multilayer Per-
ceptrons (MLPs), Convolutional Neural Networks (CNN) [23], [98], [112], [113], [114], [115],
[116], [117], [118], and Recurrent Neural Networks (RNN) of the Long Short-Term Memory
(LSTM) type [119], [120]. CNNs are a successful deep-learning model for image classification
and other computer vision applications. The model takes as input tensors of a three-dimensional
shape, with the image height, width, and channels [111], and enables achieving feature extraction
and learning through the multiple arrays of data [121]. In the convolutional layer, instead of hav-
ing a large and dense linear layer with a connection from every input to every output, many small
linear layers are used in every input position [122]. If the task to be performed is related to time-
series input data or if sequential inputs are relevant, it is usually recommended to use RNNs in
the model [111], [121], [122]. This model processes the input data of each element at a time and

saves all the memory from the history for every single unit of the sequence [111].

The MLPs aim to define a function by learning the value of the parameters that result in the best
approximation function. A typical MLP usually has a single input layer, a single output layer, and
multiple hidden layers. In each layer, there are neurons connected to neurons in the anterior and
posterior layers. Each neuron receives the weighted outputs of other neurons of a previous layer,
then a bias is added. After that, an activation function is applied to obtain the output of this neuron.

Equation (29) shows the output of a neuron [123]:

y=f(ELiW;x) +b) (29)
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Where x; is the iy input of the neuron, W; is the weight of the ix input, b is the bias of the neuron,
and f is the activation function [123], which is a nonlinear transformation applied to data in each
neuron [ 109]. One common activation function used for regression problems is the rectified linear
unit (ReLU), which makes easier the training of models because it reduces the problems with

vanishing gradients [109].

2.6.2. METAMODELS

In some civil engineering applications, it might be interesting to replace finite element models
(FEM) that are time-consuming tools for regression models built from a set of simulated situa-
tions, which are known as metamodels [109]. In the hygrothermal simulations, specifically, per-
forming these simulations of building components may be computationally inhibitive, with mul-
tiple uncertain input parameters, so the metamodel can be useful by replacing the hygrothermal

model and representing the original model with a strongly reduced calculation time [124].

Several studies were found in the literature where computational simulation tools were combined
with machine learning models to predict the behaviour of building materials. The studies were
applied to predict the hygrothermal behaviour of walls [124], to analyse heat conduction in solid
materials [125], and to predict mould growth risk [126]. The results showed that neural networks
could capture accurately the complex patterns of the hygrothermal response [124]. Additionally,
a proper selection of training datasets can enable effective prediction of the hygrothermal perfor-

mance of wall assemblies [126].

Therefore, data generated by simulation software tools is a widely considered data source to pre-
dict building performance [127] and can present good results. In the case of IRT, the relevant gap
for quantitative moisture analysis can be addressed with the use of simulation and experimental
data and ML models to predict the moisture content of materials based on the surface temperature

and other input data, such as the properties of the building material and environmental conditions.

The hybrid models, which combines the use of simulation and experimental data for training and
testing machine learning models, offers a promising approach that can significantly improve the
prediction of building hygrothermal behaviour, especially in complex systems. Transfer learning,
an important technique for this combination, involves pre-training a machine learning model on
simulated data to learn core relationships and then fine-tuning it with a small amount of real ex-
perimental data. This method has been shown to be effective in overcoming the challenge of
sparse real data, as simulations generally provide a good approximation of reality, although with

some offset between simulated and real outcomes [128], [129].

Using this hybrid approach, simulations can identify regularities and patterns that are not always

visible in raw experimental data. When the model is trained using both real and simulated data, it

48



Smart Diagnosis for Preventing Moisture Damage in buildings L. C. M. Dafico

becomes more robust, and the predictions become more accurate, effectively bridging the gap
between the limited data available and the need for precise moisture analysis in building materials
[128], [129].

2.6.3. APPLICATIONS FOR DEFECT DETECTION

In the last decade, the use of machine learning techniques to assess the performance of buildings
has grown considerably [130]. The algorithms developed include applications regarding image
processing [121], in which deep learning is combined with computer vision to identify defects or
characteristics in images, and the use of models to improve building assessment procedures, de-
veloped with the results from non-destructive techniques and computational simulation [131].
Despite the increase in publications, there are still barriers in this field, such as limited data access,
the quality of datasets, and the processing time [121], [132]. In addition, most studies are still at
the experimental or testing stage, and limited number of studies have implemented machine and

deep learning strategies in actual buildings [130].

In the field of cultural heritage and structural health monitoring, machine learning models have
been applied in the detection of several defects in building materials, such as cracks [112], [133],
[134], [135], [136], detachments [137], voids under the surface [23], moisture [20], [138], [139],
[140],[141],[142], [143], and also to assess the energy efficiency of buildings [127], [130], [131],
[144]. Regarding the assessment of building performance, machine learning models are also being
applied in the prediction of mould growth risk [126], [145], indoor airflow [123], [146], and hy-
grothermal behaviour [119], [124].

[117] reviewed the application of Al techniques in inspecting cultural heritage structures. The
deep learning techniques identified in the study for the detection of defects in buildings with CNN
were: YOLOVS, faster R-CNN, Mask R-CNN, Inception-ResNet-v2, among others.

Table 6 contains the results from the ML models applied to moisture analysis. The models used
to identify the moisture content were mainly NNs of MLP type. In some situations, these models
were compared with other ML models, such as linear regression least squares (LR-LS), linear
regression support vector machine (LR — SVM) [138], least-angle regression (LARS), and elastic
net (ENet) [147]. The studies used as datasets the results from non-destructive techniques, such
as dielectric, microwave, and electrical impedance tomography methods carried out in laboratory
and in historic buildings. The results pointed out that NNs of MLP type are better than other
machine learning algorithms, such as linear regression. However, for some applications, LSTM
and ENet might present better results. The linear determination coefficient between the values

predicted by the NNs and the actual values of moisture were higher than 0,98 in most situations.

Additionally, moisture detection was also carried out using IRT and image processing techniques

in an automatic way [20], [148]. The procedure consisted of raising the difference in the value of
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the pixel between moist areas and unaltered surroundings (thresholding technique); removing
noise (bilateral filtering); and then implementing filters to detect the contours of moisture areas
[20], [148]. Other authors [115], [116] also applied deep learning to IRT images to automate the
identification of moisture. However, in all these situations found in the literature, the moisture

content was never assessed.

As for the thermal images obtained with IRT, the development of data processing algorithms is
of fundamental importance to mitigate the image noise and enable the extraction of accurate in-
formation that highlights the existing defects [23]. Algorithms can be based on both thermal pa-
rameters and physical heat transfer principles (such as Pixel Algorithm for Time-Derivative of
Temperature (PATDT), Partial Least Square Thermography (PLST), Pulse Phase Thermography
(PPT) and Thermography Signal Reconstruction (TSR)), as well as mathematical and analytical
procedures (such as Principal Component Thermography (PCT) and Dynamic Thermal Tomog-
raphy (DTT)) [23]. However, despite the good results obtained with these algorithms, not all of
them can be automated. The possibility of conducting inspections online and with automated data
interpretation is of great interest, as it eliminates subjectivity and dependence on the operator's
experience [23], [149].
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Table 6 — ML models applied to moisture analysis in buildings

Reference/Author Type of ML Obijective Dataset Results Main conclusions
model
[150] e NN - MLP Identify the moisture content Based on the results of NDT (di- Rtesting= 0.9871 Reliable assessment, but with
in saline brick walls. electric and microwave) and the Ruvalidation = the need for validation on his-
gravimetric method carried outin  0.9864 toric buildings.
the laboratory.
[151], e NN — MLP Identify the moisture content Based on the results of NDT (di- Rtestng= 0.928  Positive results but still re-
in saline brick walls. electric and microwave) and Rexpermentai = quires verification on other his-
gravimetric method carried outin  0.906 toric buildings.
5 historic buildings.
[138], oR-LS Identify the moisture content Based on the results of NDT PELr1s=34% NN performed better. The se-
¢LR-SVM in a wall. (electrical impedance tomogra- PEirsvm=31% lection of the ML model consid-
e NN - MLP phy — EIT, dielectric, and micro- PEnn =14% erably impacts the quality of
wave) and the gravimetric *PE = percent- the results.
method carried out in historic age error
buildings.
[120], e NN - LSTM Identify the moisture content Based on the results of simula- RIEnnistv = The LSTM method performed
e NN - MLP in a wall. tion data for training and data 0.244 better in all cases and had less
from NDT (IRT, Dielectric, and RIEnn-mLP = reconstruction time than MLP.
microwave) in a historic cathe- 0.299

dral to obtain validation measure-

ments.

*RIE = relative

image error
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[147], ¢ LARS Compare the efficiency of ma- Based on the results of simula- RIELars = The best results were obtained
e ENet chine learning methods in ap- tion data and NDT (electrical im- 0.373 with Elastic Net.
e NN - MLP plications related to tomo- pedance tomography — EIT, die- RIEen =0.270
graphic moisture detection in lectric, and microwave) and the RIEnn =0.401
walls. gravimetric method carried out in
historic buildings.
[141], e NN - MLP Identify the moisture content Based on the results of NDT Whole dataset: The algorithms may be helpful

in a wall.

(electrical tomography, dielectric,
and microwave) and gravimetric
method carried out in 10 historic

buildings.

Rtesting= 0.771
Rexperimental =
0.88

Set of data
covering the
moisture con-
tent from 8%
upwards:
Riesting= 0.918

Rexperimental =

0.878

in construction practice for the
neural non-destructive assess-
ment of moisture content of
brick walls in other historic
buildings.  Further studies
should utilise advanced NN

models.
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3

EXPERIMENTAL ANALYSIS OF THE THERMAL
GRADIENT AND MOISTURE CONTENT

3.1 INITIAL REMARKS

The experimental campaign was carried out at the Laboratory of Building Physics of the Faculty
of Engineering of the University of Porto and was divided into two steps. The first consisted of
preliminary tests under free-running laboratory conditions, performed to monitor the drying pro-
cess of samples of five different materials with IRT, the gravimetric method, and the surface
moisture meter. This step allows a better understanding of the thermal pattern obtained with IRT
for different materials and provides valuable information for the laboratory tests carried out in the

second stage, under controlled conditions.

The second step consisted of an experimental campaign in three controlled environmental condi-
tions, inside climatic chambers, to monitor the drying process with IRT and the gravimetric
method. In this step, additional tests were performed to characterise the material. These tests un-
der controlled conditions were necessary to improve the performance of machine learning algo-

rithms initially trained with simulation data.

This Chapter presents the materials and methods and the results for both steps.

3.2 TESTS UNDER FREE-RUNNING CONDITIONS

3.2.1 MATERIALS AND METHODS

3.2.1.1 Framework

Figure 20 presents the procedures adopted to perform the preliminary experimental campaign to

monitor the drying process of specimens of five materials. Due to the test layout, the tests with

clay brick and limestone were carried out prior to the tests with granite, mortar, and concrete. In
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the latest, besides IRT and the gravimetric method, the surface moisture meter was also used to

assess the moisture content in the building materials.

MATERIALS SPECIMEN

R ——

PREPARATION

ﬂ 25°C Emissivity and
reflected
temperature analysis

* Infrared Thermography
e  Gravimetric Method
» Surface Moisture Meter

60%

e e

*Appmximstew {room temperature)

f‘

~

PRELIMINARY TESTS

Figure 20 — Workflow of the laboratory tests under free-running conditions

3.21.2 Materials

The materials chosen for the analysis were solid clay brick, mortar, concrete, limestone and gran-
ite. Four specimens for each material were assessed, with the average dimensions shown in Table
7.

Table 7 — Dimension of the specimens

Clay brick Limestone Granite Mortar Concrete

Dimension

20.5x9.5x6.4 15.0x15.0x2.0 20.0x10.0x5.0 20.0x20.0x4.2 21.1x21.1x2.5
[cmxcmxcm]

All specimens were initially waterproofed on the lateral sides to prevent evaporation from these
surfaces during the drying phase. After this procedure, the specimens were dried in the oven until
the mass difference between two 24-hour subsequent weightings was less than 0.1% of the total
mass [49]. For each material, three of the four specimens were then humidified by partial immer-
sion in water until different moisture contents were achieved, and the remaining one was main-
tained dry during the monitoring phase. Figure 21 and Figure 22 portray the clay brick and lime-

stone specimens the humidification process, respectively.

The three wet specimens for each material were kept partially immersed in water until three dif-
ferent water contents were reached: (i) one specimen was fully saturated (HMC) until mass sta-

bilisation was guaranteed, (ii) one specimen had intermediate moisture content (IMC)
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(approximately 50-70% of the moisture content of the saturated specimen), and (iii) one specimen
had low moisture content (LMC) (approximately 30-50% of the moisture content of the saturated

specimen).

Figure 21 — Clay brick specimens partially Figure 22 — Limestone specimens partially
immersed in water immersed in water

After the humidification, the specimens were fully wrapped with plastic film and stored until
inner moisture homogenisation. The fourth specimen was left at room temperature and relative
humidity until mass stabilisation to ensure the hygroscopic equilibrium. Table 8 contains the
moisture content after the humidification of each specimen, corresponding to the beginning of the
drying process. One can state that the higher value of moisture content varies considerably for
different materials, mainly due to distinct hygric properties. This is also shown by the value of
the moisture content of the specimens that were not humidified (HYEQ - hygroscopic equilib-
rium), as only clay brick, the material with a clear hygroscopic behaviour, presents a value above
0.0%. The calculation of the initial moisture content in percentage of the specimen was performed

using equation (28).
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Table 8 — Initial moisture content of the specimens

Material Specimen M0|st[tli$rg%ntent Moisture content [kg/kg x 100]
HMC! 337.0 21.3
. IMC? 201.5 12.5
Clay brick LMC 108.4 6.9
HYEQ? 7.5 0.5
HMC! 155.6 71
Limestone IMC' 2.7 >3
LMC? 50.2 2.3
HYEQ? 0.22 0.0
HMC! 7.30 0.29
Granite IMC'* 5.93 0.27
LMC? 4.84 0.22
HYEQ? 0.52 0.0
HMC! 211.50 13.6
IMC? 141.75 9.1
Mortar LMC! 96.19 6.4
HYEQ? 0.00 0.0
HMC! 117.28 5.0
Concrete IMC? 81.45 3.5
LMC? 34.56 1.5
HYEQ? 0.00 0.0

THMC: High Moisture Content (Saturated), IMC: Intermediate Moisture Content, LMC: Low Moisture Content

HYEQ: Hygroscopic equilibrium — sample not humidified was left at room temperature and relative humidity until
mass stabilisation

3.21.3 Equipment

The infrared camera and the surface moisture meter used in the preliminary laboratory tests were
the following:

e Infrared camera: Thermo Tracer TH9100MR from NEC Avio Infrared Technologies Co.,
Ltd. The main specifications are presented in Table 9 [70].

e Surface moisture meter: Protimeter MMS2. The device can be used to take relative mois-
ture readings, ranging from 60 to 999. Lower values correspond to lower moisture con-

tents. The LCD screen indicates whether the material is in a dry, at risk or wet condition,
according to

e Table 10 [152].
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Table 9 — Infrared Camera Specifications - Thermo Tracer TH9100MR

Parameter Value / Interval
Infrared spectral range 8 umto 14 ym
Sensitivity setup 0.1~20°C/0.2~30°C
Infrared resolution 320 x 240 (76800 pixels)
Focus range 30cmto =
Field of view 21.7°Hx16.4°V

Table 10 — Aquant indicators [152]

Aquant Indication Progress Bar
<60 - -
>60 but <170 DRY Green
>170 but <200 RISK Yellow
>200 but <999 WET Red
>999 WET Red
3214 Preliminary measurements and procedures

The emissivity of the specimens was measured with an emissometer from the Devices & Services
Company, model AE1, whose specifications are fully described in [153]. The procedure for the
measurement of the emissivity was performed in accordance with the ASTM C1371 standard
[154] and with the guidelines provided by the equipment manufacturer [153]. Figure 23, Figure

24, and Figure 25 show parts of the test to measure the emissivity of the specimens.

The emissivity measurements were performed using a detector, a heat sink, a voltmeter to digitally
read the emissivity, a high emittance standard, a low emittance standard, and a fan. After calibrat-
ing the equipment, the detector was put on the flat surface of the mortar sample, and several

measurements were carried out until the stabilization of the emissivity value.

The emissivity values measured for the materials under study are shown in Table 11. All the
values are in line with the ones found in the literature, confirming the representativity of the spec-

imens.

Table 11 — Emissivity values of the materials analysed

Material Emissivity
Brick 0.89
Limestone 0.87
Granite 0.90
Mortar 0.92
Concrete 0.92

The pore size distribution of the materials was also assessed with Mercury Intrusion Porosimetry
(MIP), which is a technique that can be used to characterise the porous structure of building ma-
terials. This technique involves subjecting a previously dried sample to increasing pressures of
mercury (non-wetting liquid), which progressively penetrates the material [155]. The MIP
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provides several key parameters that are important for understanding the pore structure of a ma-
terial, such as pore size distribution, total pore volume, porosity, bulk density, and average pore

diameter.

Figure 24 —Measurement of the clay brick
emissivity

Figure 25 — Preparation of granite for measuring the emissivity

The results of the MIP tests shown in Figure 26 and the properties displayed in Table 12 also
highlight the different characteristics of the materials. Clay brick and mortar present the highest
porosity, in contrast to granite. Concrete and granite present a high amount of very small pores,

while clay brick and mortar present bigger ones. Limestone presents most of the pores with an
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intermediate size, and its curve resembles a normal distribution, with a minimal variation in the

pore size.
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Figure 26 — MIP results for the materials under study
Table 12 — Properties of the materials used in the laboratory tests
Material Bulk density Average pore diameter  Skeletal density Porosity [%]
[g/cm?] [4VIA (Um)] [g/cm?]
Clay brick 1.595 0.091 2.629 39.33
Limestone 2.191 0.232 2.707 19.07
Granite 2.615 0.026 2.693 2.92
Mortar 1.567 0.177 2.513 37.57
Concrete 2.336 0.051 2.581 9.52
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After carrying out the preliminary measurements, the precision balance that would be used for
weighing the specimens for the gravimetric method was calibrated, as shown in Figure 27. Then,
the infrared camera was positioned at the test site and all the required calibration procedures were

conducted:

e Calculation of reflected apparent temperature according to ASTM E1862 [71] (Figure
28).

e Calibration procedure for the infrared camera, following the recommendations of the

manufacturer.

Figure 27 — Calibration of the precision balance used in Figure 28 — Procedure to calculate the
the tests reflected apparent temperature
3.21.5 Environmental conditions

A temperature and relative humidity sensor (HOBO) was used to monitor the ambient temperature
and relative humidity throughout the test (see Figure 29). The sensor is portable and has an accu-
racy rate of £0.024 °C and a resolution rate of 0.21 °C for the temperature and an accuracy rate of
+2.5% and a resolution rate of 0.01% for the relative humidity. Figure 30 and Figure 31 show the
data obtained regarding the room temperature (T) and relative humidity (HR) during the test. The
results confirm a uniform environment as only small variations in temperature and relative hu-
midity are identified throughout the tests. The average temperature and relative humidity were,

respectively, approximately 25°C and 60%.
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Figure 29 —Temperature and relative humidity sensor used in tests (HOBO)
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Figure 30 — Room temperature and relative Figure 31 — Room temperature and relative
humidity during the tests with brick and limestone humidity during the tests with granite, mortar,

and concrete

3.2.1.6 Procedure

Since the drying process is different for each material, the measurements and data collection were
set case-by-case based on the surface temperature variation. In each measurement, a thermal im-
age of the specimens was taken, and the thermal gradient (average temperature of the wet speci-
men subtracted from the average temperature of the specimen in hygroscopic equilibrium) was
calculated. Simultaneously, the specimens were weighed to obtain the moisture content by the
gravimetric method. The total monitoring period for each material ended when the thermal gra-
dient became equal to 0°C, i.e., when the temperature of the initially wet specimens equals the

one of the HYEQ specimen. Table 13 shows the total monitoring time for each material.

Table 13 — Monitoring time

Material Monitoring time [hours]
Clay brick 0,0.5,1,2,4,8, 24, 26, 32, 48, 54, 70, 96, 168, 198, 240, 264, 336
Limestone 0,0.5,1,2,4,8, 24, 26, 32, 48, 54, 70, 96

Granite 0,0.5,1,2,3,4,5,85, 22, 26

Mortar 0,0.5,1, 2, 4, 8, 24, 29, 32, 48, 50, 96, 101, 120, 125, 151, 173, 246.5, 317,
434, 460

Concrete 0, 0.5, 1, 2, 4, 8, 24, 29, 32, 48, 50, 96, 101, 120, 125, 151, 173, 246.5, 317,
434, 460
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In each monitoring time, two measurements were performed with the infrared camera: one with
the lights on and another with the lights off. Figure 32 depicts the specimens at the beginning of
the test. The data analysis included a qualitative and quantitative approach to assess eventual
correlations between the thermal gradient and the moisture content, as well as their evolution over
time. Additionally, the different phases of the drying process were identified either by the calcu-

lation of the evaporation rate and the results of IRT.

Limestone

j ’
DB o @

(c)
Figure 32 — Specimens at the beginning of the test (a) brick; (b) limestone; (c) granite; (d) mortar; and (e)
concrete

The results obtained with IRT were then processed using the InfRec Analyser software. For each
thermal image, the average temperature of the specimen was calculated. The thermal gradient
between each wet specimen and the corresponding HYEQ specimen was also calculated. As an
example, the regions selected in the brick and limestone are depicted in Figure 33. Boxes A, B, C
and D refer, respectively, to limestone specimens HMC, IMC, LMC, and HYEQ. Clay brick spec-
imens HYEQ, LMC, IMC, and HMC are indicated by boxes E, F, G, and H, respectively. The
temperature results were then analysed in Microsoft Office Excel and IBM SPSS Statistics soft-

ware for further statistical analysis.

62



Smart Diagnosis for Preventing Moisture Damage in buildings L. C. M. Dafico

rt:ﬁ
LTd
rla
o]
o
o
™
L
e
ATH

= rla — 7= SIS L
rly e W ) atrh

Figure 33 — Selected boxes in InfRec Analyser software to calculate the surface average temperature
(limestone: A — HMC; B — IMC; C — LMC; D — HYEQ; brick: E — HYEQ; F — LMC; G — IMC; H — HMC)

3.2.2 RESULTS

3.2.2.1 Qualitative analysis

Some of the infrared images of the drying process of the materials are shown in Figure 34. The
thermal and digital images obtained at each measurement time are presented in appendix 1. The
qualitative analysis indicates higher evaporation in all situations at the beginning of the test. How-
ever, the temperature difference between the dry and the wet specimens is not the highest at the
very beginning of the drying process, as it continues to increase until it reaches a maximum value

in the first 48 hours (darker blue areas in the images), depending on the material.

Thereafter, even though evaporation is still occurring over time, the adjustment of the wet speci-
mens' temperature to the one of the HYEQ specimen due to a reduction in the drying flow, leads
to a decrease in the temperature differences until no thermal contrasts can be observed between
specimens. At that moment, the measurements were stopped. This point in time was different for
each material due to the different material’s properties, such as thickness and porosity, which

influence the drying phenomena in porous materials.

The total monitoring time was 26, 96, 336, 460 and 460 hours for granite, limestone, brick, mortar,
and concrete, respectively. Granite and limestone presented the shortest drying times. In the case
of granite, this can be explained by its very small porosity, as shown in Table 12, which restricts
the absorption of water during the humidification period, and consequently, facilitates the drying
process. Regarding limestone, the drying period was shorter due to the smaller thickness of the

specimens, when compared to the other materials.
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Figure 34 — Infrared images of the drying process of clay brick, limestone, mortar, concrete, and granite
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3.2.2.2 Influence of artificial lighting on the results

The influence of the room artificial light on the measurements with the infrared camera was analysed,
and the results are shown in Figure 35 for brick, limestone, granite, mortar, and concrete. The solid lines
indicated by LOFF refer to the thermal gradient obtained with the lights turned off and the dotted lines
indicated by LON refer to the results of the measurements carried out with the lights turned on. In both
situations, a very small difference was observed between the results obtained with the lights on and the
lights off, without any identifiable trend. According to the literature, measurements should be carried
out with the lights turned off and with the entrances of external light blocked to avoid reflections [22].
However, in this case the influence of the light was not relevant. This may be due to the positioning of

the samples and the lights. The following sections present the results of the measurements carried out

with lights off.
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Figure 35 — AT of each specimen with lights off (LOFF) and lights on (LON)
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3.2.2.3

Thermal gradient and moisture content over time

The time-variation of the thermal gradient (AT) and the moisture content obtained with the gravimetric

method (u) during the test in each specimen (clay brick, limestone, granite, mortar, and concrete) is

shown in Figure 36. The solid lines represent the thermal gradient and the dotted lines the moisture

content. The black, blue and red colours represent the initial humidification level of the specimens, from

the highest to the lowest.
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Figure 36 — Time-variation of the thermal gradient (AT) and moisture content (u) of each specimen during the
drying process, for: (a) brick; (b) limestone; (c) granite; (d) mortar; and (e) concrete

Figure 36 shows that in specimen HMC of brick, initially saturated, the AT at the beginning of the drying
process was close to 1,0°C and increased until more than 3,0°C. After that, the AT began to reduce. For
specimen IMC, the behaviour was similar. However, the thermal gradient reduced more sharply than
specimen HMC. Regarding the specimen LMC, which had the lowest initial moisture content, the max-

imum AT was slightly above 2.0°C, and the thermal gradient reduced more rapidly.

The maximum thermal gradient achieved is related to the difference between the vapour pressure of the
air and the vapour pressure at the surface. Despite initially different, the moisture content of the HMC
and IMC specimens is considerably high, which probably led to a saturated surface in both specimens,
resulting in similar maximum thermal gradients. However, since the HMC specimen had a higher initial
moisture content, it presented a longer duration of the first phase of the drying process. This reason also

justifies the more time it required for the reduction of the thermal gradient, AT.

The main difference between the variation of the thermal gradient, AT, and the moisture content, u, is
that the moisture content in all specimens began with a maximum value and immediately started reduc-
ing, while the thermal gradient rose during the first hours and only then started to decrease. That increase
in the thermal gradient at the beginning of the drying process is related to the intensification of the
evaporative flow at the surface that occurs in the first hours, which enhances the evaporative cooling

and, consequently, the temperature differences between the dry and the wet specimens.

For the limestone, the curves of all three specimens were analogous to the ones for brick. However, the
maximum values of AT were achieved faster than in clay brick. Furthermore, the AT values were slightly

higher for all specimens of limestone than for the corresponding ones for brick. Regarding the drying
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time, it was much shorter for limestone than for brick due to its different properties and smaller thick-

ness.

Granite specimen with the highest moisture content at the beginning of the drying process (HMC) pre-
sented a maximum AT close to 1.7°C, achieved in less than 1 hour. In the granite specimens, AT reduced
very quickly. Very few points of AT above 1,0°C were obtained. This indicates that the surface evapo-
ration detectable by IRT ceased very rapidly. The different behaviour of granite is due to its extremely

low porosity and the high quantity of pores of small size.

Regarding the mortar specimens, the maximum AT was reached with 8 hours of measurement, with a
value of 3.0°C. Its curves resembled the ones for brick and limestone. Lastly, in concrete specimens, the
maximum AT occurred in approximately 4 hours of measurement with a value slightly higher than
2.2°C. Like granite, the thermal gradient in concrete specimens decreased rapidly, probably also due to

the small porosity and high number of tiny pores, as shown in Figure 26.

To summarise, all materials presented similar patterns but with some differences. The specimens pre-
sented an initial AT that increased until a maximum value and then started to decrease. The maximum
AT achieved in the specimens with the highest and intermediate initial moisture content was almost the
same 1in the case of brick, concrete, mortar, and limestone. The main difference between the curves of
these specimens (HMC and IMC) in each material was the time necessary for AT to sharply reduce since
the specimens with higher initial moisture content took more time to dry. The moisture content at the
beginning of the tests had the maximum values and gradually reduced throughout the test. Generally,

after the thermal gradient reaches the maximum value, AT and moisture content follow the same trend.

3224 Surface Moisture Meter Results over time

The results of the measurements with the surface moisture meter (SMM) and the gravimetric method
are shown in Figure 37. There is not a clear relation between the SMM results and the moisture content
in granite. All specimens presented SMM values equal to or lower than 200, which means that there is

a risk of moisture presence, according to indicators set in
Table 10, which is not in accordance with the results of the gravimetric method.

About the use of SMM in mortar, there is a sharp decrease in the values for the specimen LMC, while
for specimens IMC and HMC a greater number of hours is needed for values start to decrease. This was
expected since the specimens IMC and HMC have a higher moisture content and will take longer to dry.
However, both SMM and the gravimetric methods tend to stabilise at a similar moment during the drying

process, pointing to a good relation between the results of SMM and the moisture content.
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Figure 37 — Values of the moisture content (u) and SMM of the specimens: (a) granite; (b) mortar; and (c)

concrete

Regarding concrete, the graph shows a very good relation between the measurements with SMM and

the gravimetric method results in all specimens.

The results of the SMM and infrared thermography were compared for mortar and concrete since for

granite the SMM values did not change over time. The results are shown in Figure 38. Regarding the

measurements in mortar, the thermal gradient starts reducing its values faster than the values of the

SMM for specimens IMC and HMC. For the values obtained with the SMM for concrete, the graph

shows a clear tendency between the measurements with the SMM and infrared thermography results for

all three specimens.
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Figure 38 — AT and SMM values of the specimens: (a) mortar; (b) concrete

3.225 Correlation analysis — thermal gradient vs moisture content

To assess an eventual correlation between the thermal gradient (AT) and the moisture content (u), a
bivariate correlation analysis was performed using all the results for the five materials. The results of
this analysis are shown in Table 14. Table 14 shows that AT has statistically significant correlations with
the time, the moisture content (u), the ambient temperature (T), and with the type of material. The sta-
tistically significant correlation of AT with time at a negative level was expected, as the tendency is that
the longer the time duration, the lower the AT will be due to the drying of the specimens and the lower
evaporation flux. Pearson's correlation coefficient obtained between AT and light was insignificant,

which confirms that the artificial lighting has no considerable influence on AT in the conditions of these

measurements.
Table 14 — AT correlation table with pearson coefficient (r) and p-value
AT Time Light u T HR Material
AT r 1 -0.388**  -0.003 0.703**  0.461**  0.057 -0.358**
p-value <0.001 0.941 <0.001 <0.001 0.140 <0.001

**  gtatistically significant correlation

The correlation between AT and the ambient temperature was expected to be significant. However, it
was quite unexpected that no significant correlation was found between AT and RH. This may be related
to the fact that the temperature and relative humidity of the environment did not present great variations
during the test, pointing to the need of further analyses. Indeed, it is known that under equal moisture
conditions of the specimen, high temperatures associated with low ambient relative humidity provide
greater AT than low temperatures and high ambient relative humidity due to the higher drying capacity
of the materials [156]. Hence, the absence of a statistically significant correlation between AT and RH

appears to go in the opposite way to what would be expectable and must be further explored.
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Finally, it should be noted that the AT has a statistically significant correlation with the material. Since
each material presented a very different variation of AT, this correlation was expected. There is also a
good correlation coefficient between AT and the moisture content of the specimens (u), which shows
that IRT has potential for assessing moisture content in building materials. However, further investiga-
tion is needed to better understand these correlations. So, an in-depth analysis of the data for each ma-

terial was carried out separately.

Figure 39 shows the regression analysis performed in the SPSS software to evaluate the correlation
between AT and moisture content in clay brick, limestone, granite, mortar and concrete. Generally, the
quadratic model presented better results, according to the values of the coefficient of determination (R?)
shown in Table 15, Table 16, Table 17, Table 18, and Table 19. Table 20 synthetises the equations for

calculating the AT based on the value of the moisture content with the quadratic model.

The coefficient of determination (R?) for the quadratic model (considering all the measurements of the
specimens HMC, IMC, and LMC) was 0.88 for clay brick, 0.82 for limestone, 0.63 for granite, 0.79 for
mortar, and 0.63 for concrete, which shows a strong correlation between the variables for brick, lime-
stone, and mortar. The weaker correlation for granite and concrete is probably due to the pore size dis-
tribution, as presented in § 3.2.1, meaning that additional data is needed to fine-tune the models. Similar
results were obtained in [157] regarding the better suitability of IRT for moisture analysis in more porous

building materials.

According to the literature [24, 25], in brick masonry, moisture contents above 3% are considered high,
and contents above 5% indicate wet masonry. Based on this criterion, if the quadratic model for brick is
used, a AT above 0.8°C would indicate moist masonry and above 1.5°C would indicate wet masonry.
However, it is important to highlight that this regression model was predicted only for the specific con-
ditions of this experimental campaign and, therefore, further studies are needed to define reliable criteria
that correlates AT with the moisture content, which consider other factors such as ambient temperature
and relative humidity, among others. Regarding the other materials, no classification based on the mois-

ture content was found.

Figure 40 presents the correlation curves and the coefficient of determination separated according to the
specimen. The AT values obtained at the beginning of the tests were not maximum values, despite the
maximum moisture contents, since the specimens were waterproofed with plastic wrap before the test
started and the surface temperature had not yet begun to decrease. Then, the high levels of evaporation
occurring at the beginning of the test, resulting from the drying of the water on the surface of the speci-
men, enhances evaporative cooling and, consequently, increases the thermal gradient, without having a
corresponding relevant variation in the moisture content. Thus, AT increases rapidly to a certain value,

which varies for the different scenarios, and then progressively decreases until thermal contrast is no
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longer visible. At this stage, the moisture content corresponds to the hygroscopic equilibrium with the

environment.
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Figure 39 — Curves of regression models for: (a) clay brick; (b) limestone; (c) granite; (d) mortar; (e) concrete

Table 15 — R? values and parameter estimates for each regression model — clay brick

Parameters estimation

Model R? Constant b1 b2
Linear 0.567 0.551 0.120

Logarithmic 0.750 0.188 0.847

Quadratic 0.881 -0.409 0.494 -0.018
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Table 16 — R? values and parameter estimates for each regression model - limestone

Parameters estimation

Model R2 Constant b1 b2
Linear 0.588 0.47 0.457
Logarithmic 0.842 1.965 0.58
Quadratic 0.824 0.122 1.532 -0.177

Table 17 — R? values and parameter estimates for each regression model - granite

Parameters estimation

Model R2 Constant b1 b2
Linear 0.624 -2.054 12.000

Logarithmic 0.610 4.497 2.567

Quadratic 0.625 -1.543 7.292 10.629

Table 18 — R? values and parameter estimates for each regression model - mortar

Parameters estimation

Model R2 Constant b1 b2
Linear 0.626 0.050 0.212
Logarithmic 0.737 -0.723 1.278
Quadratic 0.789 -1.115 0.675 -0.033

Table 19 — R? values and parameter estimates for each regression model - concrete

Parameters estimation

Model R? Constant b1 b2
Linear 0.621 -0.481 0.441
Logarithmic 0.541 -0.154 0.952
Quadratic 0.627 -0.258 0.241 0.036
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Table 20 — Equations for calculating the AT (quadratic model)

Material Equation
Brick AT =-0.018 u2+ 0.494 u— 0.409
Limestone AT =-0.177 u>+ 1.532 u +0.122
Granite AT =10.629 u?-7.292 u — 1.543
Mortar AT =-0.033u%2+ 0.675u—1.115
Concrete AT =0.036 u?+ 0.241 u-0.258
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Figure 40 — Curves of quadratic model for (a) clay brick; (b) limestone; (c) granite; (d) mortar; and

(e) concrete
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During the initial phase in which the thermal gradient increases until the surface temperature reaches its
minimum value, the thermal gradient (AT) values are low, but the moisture content is high. This initial

period can be seen in Figure 36 and Figure 40, and was also reported by [156].

If this initial phase of adjustment to the environment is disregarded in the regression analysis to evaluate
the correlation between AT and moisture content considering the quadratic model, the values of the
coefficient of determination are 0.96, 0.98, 0.75, 0.95, and 0.78 for clay brick, limestone, granite, mortar,
and concrete, respectively, increasing the fitting of the model. The results obtained in this situation are

presented in the appendix 2.

3.2.2.6 Cluster Analysis

Since the understanding of the thermal gradient corresponding to abnormal moisture content is of fun-
damental importance, a cluster analysis was carried out to group the results and try to identify which

values of thermal gradient were indicative of high moisture content in each material.

Initially, a hierarchical cluster analysis was conducted to verify the best way to group the data, and then,
a k-means cluster analysis was performed to identify the centre of the final clusters. The analysis of the
dendogram and the final cluster centre made it possible to identify the ideal number of clusters. The
analysis of the ANOVA table showed that the selected variables are statistically significant, considering
the p-value (“Sig.”) less than 0.001. Figure 41 depicts, for clay brick, the variation of AT according to
the moisture content (u), labelled per cluster, allowing identifying the location of the data in each cluster.

Specimen
1

40

~
@
~

wn

30

AT[C]

00 5,00 10,00 15,00 20,00 25,00
u [kglkg x 100]

Figure 41 — Scatter chart with clusters label - clay brick
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Cluster 1 refers to the points obtained at the beginning of the drying process, that is, with high values of
moisture content, but with still intermediate values of AT, since the surface temperature had not reduced
to its minimum. Cluster 2 predominantly contains the maximum values of AT, obtained around 50 hours
of testing, a period in which the moisture content was around 17%. Clusters 3 and 5 refer to measure-
ments with intermediate moisture content and, finally, cluster 4 contains the points obtained referring to

low values of moisture content.

A descriptive analysis of clusters 1 to 5 was also performed. Table 21 summarises the results for the
lower and upper limits of AT and moisture content for each cluster. Values shaded in green indicate the
measurements with low moisture content and values shaded in red indicate measurements with an ele-
vated moisture content. The results show that, for a 95% confidence interval, points with low moisture
content, between 2.20 and 3.30%, will present AT values of up to 0.8°C, in accordance with the value

defined by the regression analysis presented in Figure 39.

Table 21 — Lower and upper limit of AT and moisture content (u) of each cluster - clay brick

Cluster Inferior limit Superior limit
1 AT 1.40 2.80
u 20.70 21.40
2 AT 2.90 3.10
u 9.00 12.00
3 AT 2.90 3.20
u 15.50 18.60
4 AT 0.50 0.80
u 2.20 3.30
5 AT 1.70 2.30
u 5.70 6.70

Figure 42 depicts the scatter plot with cluster label for the limestone specimens. Cluster 1 refers to the
beginning of the drying process, in which the AT has intermediate values, and maximum moisture con-
tent values. Cluster 2 corresponds to intermediate values of AT and moisture contents. Cluster 3 contains
all measurements with the lower moisture contents values and, finally, cluster 4 contains the maximum

AT values and high moisture content values.

A descriptive analysis of clusters 1 to 4 was also carried out. Table 22 indicates the lower and upper
limits of AT and moisture content of each cluster for limestone. Although few measurements were ob-
tained for this analysis, due to the rapid drying of the specimens, by analysing the results it can be stated

that ATs of up to 0.27°C refer to the lowest levels of moisture content (cluster 3).
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Figure 42 — Scatter chart with clusters label — limestone

Table 22 — Lower and upper limit of AT and moisture content (u) of each cluster - limestone

Cluster Inferior limit Superior limit
1 AT -0.35 3.50
u 3.90 8.90
5 AT 2.00 3.00
u 1.31 2.10
3 AT 0.03 0.27
u 0.04 0.09
4 AT 3.30 3.50
u 4.50 6.30

For granite specimens, four clusters were defined. The labels of each cluster is shown in Figure 43.
Cluster 3 refers to the points in the beginning of the test, with high moisture content and thermal gradient,
while clusters 2 and 4 refer to the middle of the test, with intermediate moisture content, and cluster 1
refers to the points with the lowest moisture contents and thermal gradients. The lower and upper limits
of AT and moisture content values of each cluster for granite are shown in Table 23, pointing that ATs

of up to 0.23°C refer to the lowest level of moisture (cluster 1).

In the mortar specimens, three clusters divided the results according to different moisture contents, as
shown in Figure 44. The first cluster shows the points with high levels of moisture. The second one
refers to points with intermediate moisture content and the third cluster refers to points with lower mois-
ture levels. The descriptive analysis is shown in Table 24. ATs of up to 0.64°C refer to the lowest levels

of moisture (cluster 3).
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Figure 43 — Scatter chart with clusters label — granite

Table 23 — Lower and upper limit of AT and moisture content (u) of each cluster - granite

Cluster Inferior limit Superior limit
1 AT 0.09 0.23
u 0.18 0.20
5 AT 0.51 0.73
u 0.21 0.23
3 AT 1.01 2.02
u 0.19 0.33
4 AT 1.06 1.06
u 0.05 0.42

Regarding concrete, Figure 45 shows the variation of the AT in relation to the moisture content with the
labels of each cluster. Table 25 shows that ATs of only up to 0.13°C refer to points with the lowest levels

of moisture (cluster 3).

This cluster analysis showed that the thermal gradient which indicates high moisture content varies
greatly according to the material being analysed. While in concrete values of AT above 0.13°C indicate
an abnormal moisture content, in clay brick the moisture content is only considered high for AT values
above 0.80°C.

It was also possible to define criteria for high moisture content in masonry composed by clay brick,
limestone, granite, mortar, and concrete. However, they only apply to the environmental conditions
tested. As explained in Chapter 2, the surrounding conditions have considerable effect in thermal gradi-

ent since they influence the evaporation. Therefore, further analysis should be carried out to identify the
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correlation between the thermal gradient and the moisture content in different scenarios of temperature

and relative humidity and for materials with different initial moisture content.

Specimen
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Figure 44 — Scatter chart with clusters label — mortar

Table 24 — Lower and upper limit of AT and moisture content (u) of each cluster - mortar

Cluster Inferior limit Superior limit
! AT 1.72 2.94
u 10.74 13.07
) AT 1.58 2.13
u 6.17 7.44
3 AT 0.40 0.64
u 2.59 3.20
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Figure 45 — Scatter chart with clusters label — concrete

Table 25 — Lower and upper limit of AT and moisture content (u) of each cluster - concrete

Cluster Inferior limit Superior limit
1 AT 1.04 2.39
u 4.47 4.99
2 AT 0.39 0.68
u 2.55 2.95
3 AT 0.08 0.13
u 1.32 1.62
3.22.7 Correlation analysis — thermal gradient vs surface moisture meter results

The regression analysis carried out in the SPSS software to evaluate the correlation between the SMM
results and the AT in granite, mortar, and concrete is shown in Figure 46. Table 26, Table 27, and Table
28 show the coefficient of determination (R?) and parameter estimates for each regression model. This
analysis was not performed for clay brick and limestone since measurements with SMM were not carried
out for these materials. In all the situations, the quadratic model presented better results, as in the case
of the analysis between thermal gradient and the gravimetric method, although the distribution of points
is rather different. Also, the coefficient of determination for the quadratic model points to a correlation
for mortar (R* = 0.656) and concrete (R? = 0.733), but no correlation was found for granite (R*> = 0.046).
These results indicate that the use of SMM, although very useful in practice for moisture assessment,

may bring some difficulties in its implementation when combined with IRT.
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Figure 46 — Curves of regression models for: (a) granite; (b) mortar; and (c) concrete

Table 26 — R? values and parameter estimates for each regression model - Granite

Parameters estimation

Model R2 Constant b1 b2
Linear 0.046 -2.799 0.017
Logarithmic 0.046 -16.582 3.257
Quadratic 0.047 11.932 -0.140 0.00

Table 27 — R? values and parameter estimates for each regression model - Mortar
Parameters estimation

Model R2 Constant b1 b2
Linear 0.624 -0.298 0.002
Logarithmic 0.574 -5.376 1.029
Quadratic 0.656 0.498 -0.002 3.156E-6
Power 0.835 0.0 1.301

Table 28 — R? values and parameter estimates for each regression model — Concrete

Parameters estimation

Model R? Constant b1 b2
Linear 0.687 -0.245 0.002
Logarithmic 0.718 -5.095 0.987
Quadratic 0.733 -0.745 0.005 -2.488E-6
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3.228 Evaporation rate

The different moisture transport mechanisms in each drying phase led to a very distinct behaviour of the
evaporation rate. While in the first drying phase the evaporation rate presents high values and is almost
constant, after a certain moment (werit), it sharply reduces [4], [38], [52]. Since the values of the thermal
gradient are related to the surface evaporation, the relationship between the evaporation rate and the

thermal gradient must be explored.

As the gravimetric method was performed simultaneously with the capture of the thermal images, the
evaporation rate was calculated considering the subtraction of mass at different measurement times,
according to equation (30).

_ (my—my)
9a (te—t1) A

(30)
Where:

Jaq: evaporation rate density [kg/m?.s]

t,: measurement time 2 [s]

t,: measurement time 1, previous to t> [s]

m,: mass at t, [kg]

m: mass at t; [kg]

A: area [m?]

The evaporation rate density and the thermal gradient are shown in Figure 47 for the specimens HMC
(saturated) of clay brick, limestone, granite, mortar, and concrete. The black lines show the variation of

the thermal gradient during the drying phase and the blue lines present the variation of the evaporation

rate.
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Figure 47 — Evaporation rate and thermal gradient over time for (a) clay brick; (b) limestone; (c) granite;
(d) mortar; and (e) concrete

The first drying period mentioned in Chapter 2, in which capillary conduction is the main mechanism
of moisture transport, can be clearly identified in clay brick, limestone, and mortar. This period, with an
almost constant evaporation rate density, is followed by a second phase in the drying process, in which
a sharp decrease in this value can be observed. The first phase of drying matches the period identified
by IRT, when the thermal gradient decreases less markedly, before a sharp reduction occurs, confirming

the potential of IRT to detect the phenomenon.

In the case of granite, this first drying phase could not be identified, and for concrete, it was for a very
short period. The short duration or the absence of this phase probably happened because of the proximity
between the values of Wcap and werit., which, in turn, are influenced by the pore size distribution of these
materials. Based on the material’s properties determined with the MIP, presented in § 3.2.1.4, granite

had the lowest porosity and average pore diameter. This might have led to a lower evaporation rate and
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the absence of the first phase. Concrete also presented low porosity values and average pore diameter,

which explain a similar behaviour.

These results show that IRT has a good potential to identify the duration of the first drying phase for
some building materials. According to equation (7), if the properties of the material (Wcsp and weri¢) and
the duration of the first drying period are known, it is possible to identify the evaporation rate density
and, therefore, the moisture content at any moment of this drying phase. Therefore, for practical appli-
cation purposes and for certain building materials, IRT can already be applied to quantify moisture con-

tent in laboratory conditions, opening the discussion on future in situ applications.

As presented in §3.2.2.3 and §3.2.2.5, the correlation between the moisture content and the thermal
gradient at the beginning of the drying process is not very strong since in the first hours the thermal
gradient rises but the moisture content starts with its maximum value and then decreases. However, if
the correlation between these variables is assessed only for the period after wei is reached, the results

show a much stronger correlation, as presented in Figure 48 for clay brick, limestone, and mortar.
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Figure 48 — Correlation in the second drying phase - for (a) clay brick; (b) limestone; and (c) mortar

3.3 TESTS UNDER CONTROLLED CONDITIONS

Figure 49 presents a structured workflow of the laboratory campaign for monitoring moisture in mortar
samples under controlled environmental conditions with Infrared Thermography (IRT) and the gravi-
metric method. In the first stage, the material to be studied and the environmental conditions were de-
fined. A pre-dosed cement mortar was chosen for the analysis. Also, three different environmental con-

ditions were selected for the tests in the climatic chambers.

Secondly, preliminary procedures were performed to characterise the material and prepare the speci-
mens. The third and final step consists of monitoring the drying process of the samples using IRT and
the gravimetric method. This Section presents the materials characterisation and methods as well as the

results of these tests.
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3.3.1 CHARACTERISATION OF THE PRE-DOSED MORTAR

The first step was to select the type of mortar that would be used in the laboratory tests. The objective
was to select a material widely used for rendering walls. Additionally, measurements would be carried
out in the laboratory to simulate the internal wall conditions. Therefore, a common pre-dosed mortar
specific for rendering internal sides of walls (indoors) was chosen for the analysis. The properties de-
scribed in the technical sheet of the product are shown in Table 29.

Table 29 — Properties of the pre-dosed mortar selected for the laboratory campaign

Property Value
Density (powder) 1500 £ 200 kg/m?
Density (paste) 1750 £ 200 kg/m?
Compressive strength (28 days) 2 6 N/mm?
Capillarity (28 days) > 0,40 kg/m?min%5
Water vapour permeability (28 days) u<15
Thermal conductivity (A1o,dry) 0,8 WimK

Nine samples of 210 x 210 x 20 mm*® were moulded for the tests to be carried out inside a climatic
chamber. Three samples were used for each of the three different environments. One sample was kept
in hygric equilibrium during the whole test, while the two other samples were humidified, one until the
saturation water content and the other one with an intermediate value of water content. Eight other sam-

ples of 90 mm in diameter and 20 mm in thickness were moulded to carry out preliminary tests. Figure

50 and Figure 51 show the samples.

] ,I,.

ions- ofé10 mm x

Lo WY

AR
Figure 50 — Samples of dimensions of 90 mm x 20  Figure 51 — Samples of dimens
mm (diameter x thickness) 210 x 20 mm

After moulding the bigger samples, they were cured for 28 days, waterproofed on all sides but the one
faced to the infrared camera, and dried in the oven until mass stabilization. Following the drying, the

samples were humidified by partial immersion.
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The preliminary tests to assess the properties of the mortar consisted of measuring the emissivity, water
vapour permeability, absorption coefficient of water, moisture storage function, thermal conductivity,

and pore size distribution. The tests were performed according to the standards listed in Figure 49.

3.3.1.1. Emissivity test

The emissivity of the mortar was defined according to the same procedures described in § 3.2.1. The
average emissivity value measured for the mortar specimens was 0.92. In the study conducted by [158],
the emissivity of a mortar sample was tested with an emissometer and with IRT. The values obtained
with the emissometer and IRT were, respectively, 0.93 and 0.92. In the work presented by [16], the
authors used an emissivity value for mortar of 0.92. Therefore, the value obtained in this work is in line

with the ones found in the literature, confirming the representativity of the specimens.

3.3.1.2. Water vapour permeability

The water vapour permeability test was carried out according to EN ISO 12572 [159]. Five specimens
of the mortar were tested. Table 30 shows the dimensions and mass of the specimens.

Table 30 — Dimensions and mass of the mortar samples used in the water vapour permeability test

Specimen Diameter Thickness Mass [g] Total mass (cups and aqueous
[mm] [mm] solution) [g]
1 86.7 21.8 214.21 545.75
2 86.5 21.5 214.54 538.05
3 86.9 21.5 212.3 520.32
4 86.8 21.5 222.94 530.1
5 86.4 20.4 211.98 515.32

The mortar samples were stored at 23°C of temperature and 50% of relative humidity for their weight
to stabilise. Then, the samples were sealed with paraffin to the open side of a stainless cup containing a
saturated aqueous solution which guarantees 93% of relative humidity at the bottom of the sample. The
assemblies were weighed and placed in a controlled test chamber with a temperature of 23°C and 50%

relative humidity of the air. Table 31 displays the test conditions.
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Table 31 — Conditions for the water vapour permeability test

Relative humidity [%]

Temperature Dry state (top of the speci- Wet State (bottom of the
[°C] men) specimen)
Setpoint Tolerance Setpoint Tolerance
23+0.5 50 +3 93 +3

Figure 52 and Figure 53 show the test cup assembly and the assembly inside the climatic chamber. A
temperature and relative humidity sensor (HOBO) was placed inside the chamber to monitor the condi-

tions constantly.

Figure 52 — Test cup assembly for the water Figure 53 — Test cup assembl inside the climatic
vapour permeability test chamber

The different partial vapour pressure between the test cup and the climatic chamber leads to a vapour
flow through the specimens. Therefore, periodic weighing of the assemblies was made to identify the
rate of water vapour transmission according to the following time intervals: Oh, 24h, 96h, 120h, 144h,
168h, 192h, 216h, 264h, 288h, 312h, 336h, 360h, 434h, 458h, 482h, 533h, 604h, and 647h.

The variation of the mass of the assembly over time, excluding the earlier, non-linear stage of the test,
is shown in Figure 54. The properties calculated based on the water vapour permeability test are pre-
sented in Table 32.
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Figure 54 - Water vapour permeability test of the mortar under study — mass of the assembly over time

Table 32 — Mortar’s properties obtained with the water vapour permeability test

Mortar’'s properties

Water vapour flow rate (G) — kg/s 5.84x10°

Density of water vapour flow rate (g) — kg/(m3.s) 9.91x10”

Water vapour permeance (W;) — kg/(m2.s.Pa) 8.20x10-10

Water vapour permeability (dp) — kg/(m.s.Pa) 1.75x10"
Water vapour resistance factor (u) — dimensionless 11.27
Water vapour diffusion-equivalent air layer thickness (sd) — m 0.24

The water vapour resistance factor (i) obtained in this work is aligned with the specifications of the
technical sheet of the pre-dosed mortar since it is lower than 15. In other work carried out to assess the
water vapour diffusion resistance factor, [160] found the value of 17.9 for cement mortar and 12.8 for
lime mortar in the wet cup test carried out according to EN 12572, which shows that the values obtained
are in line with the ones found in the literature. The value available on WUFI material database for a

cement mortar is between 14.8 and 15.5, which also indicates values close to the ones measured.
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3.3.1.3. Absorption coefficient of water

The absorption coefficient of water was calculated according to the standard ISO 15148 [49]. Prior to
the test, the specimens were sealed on the lateral sides with epoxy resin. Absorption coefficient of water
was then measured by partial immersion by measuring the change in mass of the specimens over time.
ISO 15148 specifies that the change in mass should be monitored over time, at least 24 hours. However,
after 3 hours of measurements, the water appeared on the top surface of the specimens. In this way, the
test was terminated within 3 hours. The water depth at the base of the specimens was 5 + 2 mm, and the

mass measurement times were Oh, 5 minutes, 20 minutes, 1 hour, 2 hours, and 3 hours.

To calculate the absorption coefficient of water (Avw), it must first be calculated the difference in mass
between each weighing (m;) and the initial mass (m;), in relation to the base area (A), according to
equation (31). The absorption coefficient of water was calculated according to equation (32).

me—m;

Am, = T (1)

Am/tf— Amlo

Ay = ==

(32)

Where:

A absorption coefficient of water [kg/(m?s*®)]
A: area [m?]

Ami: mass variation [kg/m?]

te- total duration of the test [s]

Amo. mass variation at time t0 [kg]

Am: value of Am; at time t; [kg/m?]

The graph with the result of the mass variation (Am,) in relation to the square root of time is shown in
Figure 55. The average absorption coefficient of water obtained for the mortar specimen is presented in
Table 33.

The technical sheet specifies that the absorption coefficient of water must be higher than 0.40
kg/(m?.min%%), so the values obtained are aligned with the specifications of the technical sheet. Accord-
ing to the German Standard DIN 52617 [161], the materials can be classified by a function of the capil-

lary absorption coefficient of water as the following:
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e Ay >2.0kg/(m2.h") — fast suction

e A, <2.0kg/(m>h%) — preventive water

e Ay <0.5kg/(m2.h%%) — quasi-waterproof

e A, <0.001 kg/(m2.h%%) —~waterproof
Therefore, the value obtained in this work shows that the mortar is classified as fast suction. The mortar
used is specified for indoor environments, so this high value is acceptable.
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Figure 55 — Mass variation in relation to the square root of time of the mortar

Table 33 — Absorption coefficient of water of the mortar under study in different units

Absorption coefficient of water

Aw (kg/(m?.s5) 0.056
Aw (kg/(m2.min®5) 0.437
Aw (kg/(m?2.h05) 3.381

3.3.1.4. Moisture storage function

The moisture storage function of a porous material traduces the equilibrium moisture for a relative hu-
midity of the air. The determination of the moisture storage function of the mortar under study followed
the standard ISO 12571:2000 [161]. According to the standard, to obtain the sorption curve, the speci-
men must initially be dried to constant mass. Then, it should be placed consecutively in different test
environments, with increasing relative humidity, until it reaches equilibrium with the environment
(when constant mass is reached). In this study, carried out inside a climatic chamber, four relative hu-
midities were considered: 40%, 60%, 80%, and 90%, and the temperature was kept constant during the
whole test. Three specimens were tested, and the moisture content was calculated using equation (28).

Figure 56 presents the sorption curve of the mortar, with the mean values of the three specimens tested.
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Figure 56 — Sorption curve of the mortar under study

3.3.1.5. Thermal conductivity

The thermal conductivity of the mortar used in the laboratory tests was evaluated using the ISOMET

2114 [162] in samples in the dry state and samples with two different moisture contents.

The principle of operation of ISOMET 2114 consists of providing a heat flow through electrical heating
of a resistor heater inserted into the surface probe that is put in direct contact with the specimens. Then,
the temperature response of the specimens to heat flow impulses is analysed. For this test, a sensor was
used to monitor the temperature and relative humidity of the air during the whole test. The dimensions

of the specimens were measured with a pachymeter.

At first, three samples were dried in the oven until their mass was stable so that it was possible to meas-
ure the thermal conductivity in the dry state. After removing from the oven, the specimens were wrapped
in plastic film to avoid adsorbing moisture from the air and left to cool down for 24 hours to achieve
thermal equilibrium with the ambiance of the room. After that, three measurements were performed in
each sample with ISOMET 2114 to assess the thermal conductivity. Figure 57 and Figure 58 contain,
respectively, the equipment ISOMET 2114 and the weighing of a specimen during the thermal conduc-
tivity test.

To determine the variation of the thermal conductivity with the moisture content, the specimens were
partially immersed in water for 10 minutes and then wrapped with plastic film to avoid losing water
during the measurement, and the thermal conductivity was assessed. Then, the specimens were im-
mersed in water until saturation and then wrapped with plastic film again for a new measurement of the

thermal conductivity.
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Figre 58 — Weight of a specimen during the
thermal conductivity test

Figure 57 — ISOMET 2114 equipment

Table 34, Table 35, and Table 36 — Results of the thermal conductivity test for the saturated specimens

Speci-  Moisture con- Tmean
men tent A [W/im.K] c.p [J/m3.K] a [m?/s] [°C] AT [K]
1 202,90 1,4240 1,7978E+06  7,9200E-07 30,3160  9,8942
2 196,97 1,3854 1,8235E+06  7,5970E-07 30,6860 9,8251
3 206,55 1,5547 1,7838E+06  8,7200E-07 30,6850 9,7750

show, respectively, the results of the thermal conductivity test for the dry specimens, moist specimens,
and saturated specimens. The technical sheet of the pre-dosed mortar specifies a thermal conductivity
of 0,8 W/mK, which is similar to the average obtained for the dry specimens tested. The thermal con-
ductivity increases considerably with the increase in the water content.

Table 34 —Thermal conductivity of the mortar — dry specimens

Speci-
r$1en A [W/m.K] c.p [J/Im3.K] a [m?/s] Tmean [°C] AT [K]
1 0,7838 1,6243E+06 4,8250E-07 30,7990 9,8722
2 0,7573 1,6311E+06 4,6430E-07 31,2480 9,8304
3 0,8687 1,5990E+06 5,4330E-07 31,2880 9,8298
Average 0,8033 1,6181E+06 4,9670E-07 31,1117 9,8441

Table 35 — Results of the thermal conductivity test for the moist specimens

Speci-  Moisture con-

men tent [kg/m?] A [W/m.K] c.p [J/m3.K] a [m?¥s] Tmean [°C] AT [K]
1 182,84 1,3737 1,7282E+06  7,9490E-07 31,4030  9,8502
2 101,64 1,0371 1,6256E+06  6,3800E-07 31,8500  9,8022
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3 111,16 1,2366 1,6151E+06  7,6560E-07 31,6850 9,6830

Table 36 — Results of the thermal conductivity test for the saturated specimens

Speci-  Moisture con-

men tent A [W/m.K] c.p [J/m3.K] a [m#/s] Tmean [°C] AT [K]
1 202,90 1,4240 1,7978E+06  7,9200E-07 30,3160  9,8942
2 196,97 1,3854 1,8235E+06  7,5970E-07 30,6860  9,8251
3 206,55 1,5547 1,7838E+06  8,7200E-07 30,6850 9,7750

3.3.1.6. Pore size distribution

The pore size distribution of the mortar used in the laboratory tests in controlled conditions is presented
in §3.2.1.4.

3.3.2 SPECIMENS PREPARATION AND PROCEDURES

After characterising the mortar, the specimens were prepared for the monitoring of the drying process
with IRT and the gravimetric method. Nine specimens were moulded, three for each different environ-
mental condition, with dimensions of 21 x 21 x 2 (cm x cm x ¢cm). The specimens were waterproofed
on their faces (all faces except the one facing to the infrared camera, with 21x21 cm?), dried in the oven
until mass stabilization and then humidified with different water contents: one 100% saturated (HMC),
one with an intermediate moisture content (IMC) and one in equilibrium with the environmental condi-
tions of the climatic chamber (HYEQ). The information regarding dimensions, dry mass, final mass,
and moisture content are shown in Table 37.

Table 37 — Mass and moisture content of the specimens

Dry Moisture - . ,
Scenario  Specimen  mass M.a SS aft.er l content Ir?'t'al specimen f
) midification (g) (kg/m?) moisture content (%)
HMC? 1460.6 1636.9 199.9 121
Scenario | IMC? 1498.7 1615.9 132.9 7.8
HYEQ? 1475.2 1494.7 22.2 1.3
. HMC! 1547.5 1731.8 209.0 11.9
Sceﬂa”o IMC'  1594.0 1710.3 131.8 7.3
HYEQ? 1507.2 1537.6 34.4 2.0
. HMC! 1573.8 1769.0 221.3 12.4
Scelrl'la”o IMC'  1507.2 1614.4 1215 7.1
HYEQ? 1578.6 1593.5 16.9 0.9

"HMC: High Moisture Content (100% saturated), IMC: Intermediate Moisture Content
HYEQ: hygroscopic equilibrium: sample was not humidified, just left for one week at room temperature and relative humidity
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Each set of 3 specimens (HMC, IMC, and HYEQ)) was placed inside a climatic chamber, considering
three scenarios of ambient temperature and relative humidity: (i) Scenario I — 20°C and 70%, (ii) Sce-
nario I — 25°C and 60%, (iii) Scenario III — 15°C and 80%.

The specimens and the water used for their humidification were placed inside the climatic chamber
before the tests began to ensure thermal equilibrium. The inner surface of the climatic chamber was
lined with black cardboard to avoid reflections during the measurements, and the position of the speci-

mens on the support was marked to ensure they were placed in the same position after weighing.

The main characteristics of the thermographic camera used in the tests are indicated in Table 38. All
thermal images were corrected using the camera software, considering the emissivity of the mortar,

previously measured, and the reflected temperature, measured according to ASTM E1862 [71].

Table 38 — Infrared Camera Specifications — Fluke, model TiS60+
Infrared Camera Specifications

Spectral band 7,5~14 um
Thermal sensitivity <0.045°Cat30°C
Minimum focus length 46 cm
Field of View Horizontal 34° x Vertical 25°
Spatial resolution (IFOV) 1.86 mRad, D:S 532:1
Number of pixels 320 (H) x 240 (V)

The reflector method was adopted in the test to measure the reflected temperature. This method uses an
infrared reflector with an assumed reflectance of 1.0 (a crumpled and re-flattened piece of aluminium
foil placed with the shiny side up on a piece of cardboard was used). A thermal image of the infrared
reflector, placed in front of the specimen under study, was captured, considering an emissitivy of 1.0.
The reflected temperature was the average of the temperature of a square centred in the infrared reflector.
The procedure was repeated three times for the three environments under study, and the average tem-

perature was assumed as the reflected temperature for each environment (Table 39).

Table 39 — Reflected temperature measured for each environment under study

Environment Reflected Temperature
Temperature = 15°C 15.3°C
Relative Humidity = 80%
Temperature = 20°C 20.6°C
Relative Humidity = 70%
Temperature = 25°C 26.1°C

Relative Humidity = 60%

For each specimen, the surface temperature used for the quantitative treatment of the thermal images

was the average of the values belonging to a central square of 60 x 60 pixels, as shown in Figure 59.
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Figure 59 — Area selected for the analyses

Between 15 to 17 measurements were performed (thermal image capture and specimen weighing), de-
pending on the ambient conditions. The temperature gradient (average temperature of the wet specimen
subtracted from the average temperature of the dry specimen) and the moisture content were defined for

each measurement.

3.3.3 RESULTS

3.3.31 Qualitative analyses

Figure 60 depicts the thermal images taken at three different moments (beginning of the drying, end of

drying and in between), for scenarios I, Il and III, with the specimens positioned, from left to right, from

the driest to most saturated (HYEQ, IMC, HMC). All the thermal images are presented in Appendix 3.
t14-336h

e
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Figure 60 — Thermal images: a) environment | (20°C / 70%), b) environment 1l (25°C / 60%),
and c) environment Ill (15°C / 80%).

There is a clear temperature gradient between the dry specimen and the specimens with higher moisture
content. The greater the evaporation capacity, the greater is the thermal gradient, so in environment II,
with a higher temperature and lower relative humidity, the differences between the moisture contents
are more evident. The temperature gradient in the three environments gradually reduces with the drying,

as expected.

Analysing the thermal images, it can be stated that for environment I, the thermal gradient between
specimens with different moisture contents is no longer perceptible after 96 hours. In environment II,
something similar occurs earlier, after 56h, and in environment I1I differences are no longer detectable
after 262h, highlighting and confirming that the drying process is strongly dependent on the ambient

conditions.

3.3.3.2 Quantitative analysis

The relationship between thermal gradients, AT (°C), and moisture contents, u (%), is shown in Figure
61. For each environment, lower moisture contents (dots) are related to lower thermal gradients (lines).
On the other hand, higher degree of initial saturation, corresponds to higher values of AT, since the black
elements (dots and lines), corresponding to specimens 100% saturated, are always above the grey ele-
ments, corresponding to specimens approximately 50% saturated. It can also be seen that, in the first
hours of the drying period, the evolution of the moisture content diverges from the temperature gradient.
However, as the drying continues, the two variables follow the same trend: in all environments, the
moisture content decreases throughout the drying process and the temperature gradient follows this de-

crease.
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Figure 61 — Thermal gradient, AT (°C), and moisture content, u (%): a) environment | (20°C / 70%),
b) environment Il (25°C / 60%), and c) environment Il (15°C / 80%)

In the first hours, the temperature of the wet specimens drops sharply as evaporation is enhanced in the
beginning of the drying process and, due to evaporative cooling, the thermal gradient increases rapidly
up to a specific surface moisture content. After this point in time, which is not clearly defined, the AT
gradually decreases until it is no longer visible in the thermal images. This decrease is sharper under

more favourable drying conditions (higher air temperature and lower relative humidity). In these cases,
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the 2-stages of the drying process is more evident, both in the u and AT values, which can be an added

value in future applications of using IRT to assess moisture.

The correlation between the thermal gradient, AT (°C), and the moisture content, u (%), in the three
scenarios is shown in Figure 62, Figure 63, and Figure 64, with the figures (a) representing the scatter
plots, where the data labels indicate the measurement times in hours, and (b) representing the regression
analysis. For each environment, the lower the moisture content of the specimen, the lower the recorded

thermal gradient.
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Figure 62 — Difference in surface temperature between the wet specimen and the dry specimen and moisture
content for Scenario | (T=20°C and RH=70%): (a) Point cloud; (b) Regression Curves
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Figure 63 — Difference in surface temperature between the wet specimen and the dry specimen and moisture
content for Scenario 1l (T=25°C and RH=60%): (a) Point cloud; (b) Regression Curves
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Figure 64 — Difference in surface temperature between the wet specimen and the dry specimen and moisture
content for Scenario 11l (T=15°C and RH=80%): (a) Point cloud; (b) Regression Curves

A regression analysis was also carried out to test the best correlation between the variables AT (°C) and
u (%) for the three studied scenarios (Figure 62b, Figure 63b, and Figure 64b, and Table 40). The results
show that the values in the first hours of drying influence the models that best fit the phenomenon.
Indeed, considering the value of the correlation coefficient, R?, it is observed that the quadratic regres-
sion model generally fits better the scatter plot, with a good correlation also found with the logarithmic
model. This was also found in the free-running tests presented at § 3.2. The best fit is always observed
for Scenario I, which may indicate that it is not influenced by the drying conditions, as Scenario II

corresponds to the most favourable environment for the drying process.

Table 40 — Coefficient of determination (R?) for each regression model for the different scenarios

Regression model Scenario | (20°C e Scenario Il (25°C e Scenario Il (15°C e
70%) 60%) 80%)
Linear 0.866 0.740 0.692
Logarithmic 0.918 0.802 0.735
Quadratic 0.934 0.825 0.733
Power 0.889 0.490 0.510

3.3.3.3 Evaporation rate

The comparison between the evaporation rate density and the thermal gradient is presented in Figure
65. In all scenarios, the evaporation rate density follows the same trend as the AT, exhibiting a sharp
reduction in values at nearly the same time. As previously stated, the first drying phase of porous mate-
rials is characterised by an approximately constant evaporation rate density followed by a sharp de-
crease. In scenario II, AT starts reducing sharply several hours before the evaporation rate. This can be
due to a lack of measurements between 8h and 24h, which means that the thermal gradient may have
started decreasing anytime in this period. After this period, there is a second phase of drying with a

higher drop of the evaporation rate density. Lastly, there is a third drying phase with a lower drop in the
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evaporation rate density. Therefore, for higher moisture contents, the evaporation rate density is approx-
imately constant, but at a certain point it starts to decline at a high rate. As the process continues, the
rate of reduction becomes more stable, and the evaporation rate density decreases at a nearly constant

rate, albeit with lower values.

As was expected, the evaporation rate density is higher in scenario II, with higher air temperature and
lower relative humidity of the air, intermediate in scenario I (intermediate air temperature and relative
humidity) and lower in scenario III, with a lower temperature and higher relative humidity of the air.

These results highlight the ability of IRT in detecting the different drying phases in porous materials.
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Figure 65 — Comparison between the evaporation rate density and the thermal gradient for: (a) scenario
I; (b) scenario II; and (c) scenario 11l

The correlation between the thermal gradient and the moisture content after the first drying phase is
finished is presented in Figure 66. The very strong coefficient of determination (R?) in the second drying
phase can be identified in all scenarios. The R? identified in the regression analysis carried out in §
3.3.3.2 is smaller than the coefficient of determination identified in this analysis. Therefore, IRT can be
applied to identify the duration of the first phase, and, in the second drying phase, these regression

models can be applied to estimate the moisture content with a high accuracy.
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Figure 66 — Correlation between the thermal gradient and the moisture content after the first drying phase for
scenario | (a); scenario Il (b); and scenario Il (c)

3.4 FINAL REMARKS

The laboratory tests provided a comprehensive analysis of the correlation between thermal gradient and
moisture content for different materials and different environments. It was possible to identify general
correlation patterns, demonstrating the relationship between temperature variations and hygric behav-
iour in various building materials. These initial results laid the foundation for a deeper understanding of
the phenomena. They revealed that each material exhibited unique thermal behaviour during the drying
process, confirming that the drying characteristics are strongly dependent on the specific properties of
each material, such as porosity. Materials with lower porosity, such as concrete and granite, demon-

strated weaker correlation between thermal gradient and moisture content.
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It was observed that the regression models are specific to each material and environmental condition
since there are relevant differences in the equations found for different materials and environments.
Although the quadratic model presented the best fit in all scenarios tested, it cannot be extended to other

materials, thicknesses or environmental conditions without further research.

Distinct drying phases were observed through the analysis of the thermal gradient and moisture content.
In all scenarios, the evaporation rate density exhibited a sharp decline at roughly the same moment in
time that the thermal gradient began to reduce. The first drying phase in porous materials is characterised
by an evaporation rate density that remains nearly constant, followed by a significant drop. This transi-
tion approximates the moment when the thermal gradient reaches its peak and then begins to fall. After
this initial phase, a second drying phase is observed, where the evaporation rate density decreases pro-

gressively. At this phase, the thermal gradient follows the same trend.

With the use of IRT, it is possible to identify the duration of the first phase of drying. Then, it is possible
to calculate the evaporation rate density and, therefore, identify the moisture content at any time during
the first drying phase. During the second drying phase, the moisture content presented a very strong
coefficient of determination with the thermal gradient, which means it can also be calculated based on

thermal gradient values.

The analysis of the hygrothermal behaviour of saturated materials using IRT was more suitable for ma-
terials with higher porosity, which in the case of this work were clay brick, limestone, and mortar. Sim-
ilar results were obtained in [157] regarding the better suitability of IRT for moisture analysis in more

porous building materials.

The use of data from experimental campaigns to train machine learning algorithms enables the algorithm
to learn patterns and correlations to predict the behaviour in different scenarios, so the results obtained
in the laboratory campaign are of key importance for the development of algorithms to predict the mois-
ture content of different materials in different environmental conditions and algorithms to better under-

stand the drying process in porous building materials.
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4

HYGROTHERMAL SIMULATIONS

4.1 SIMULATIONS WITH WUFI

Hygrothermal simulation is a crucial method for understanding the drying behaviour of building mate-
rials, enabling the analysis of surface temperature and moisture content during the drying process.
Through simulations, it is possible to compare different moisture levels, materials, and environmental
conditions, contributing to a more detailed understanding of the factors that influence material perfor-

mance under different moisture conditions.

WUFI simulations were conducted in three distinct phases. Initially, the drying of clay brick and lime-
stone with varying initial moisture levels under a single environmental condition was evaluated and
compared with laboratory results. This step aimed to understand the characteristics of these two materi-
als under controlled conditions. Subsequently, hygrothermal simulations were extended to assess the
drying behaviour of clay brick, limestone, concrete, and granite under 30 different environmental con-
ditions. This dataset was the basis for the development of an algorithm that predicts moisture content
using IRT data. Lastly, simulations were performed for a fully characterised mortar under the same 30
environmental conditions, aiming to fine-tune the previous model using a combination of simulation
and real data for training. Also in this step, simulation data was compared with the results obtained in

laboratory for mortar.

These three phases of simulation provided comprehensive insights into the behaviour of different mate-
rials during the drying process, contributing to the development of predictive models with practical

applications in building diagnosis.

4.2 DRYING PROCESS UNDER VARYING INITIAL CONDITIONS OF MOISTURE CONTENT

4.2.1 FRAMEWORK

The hygrothermal properties of the clay brick and limestone used in the laboratory tests under free-
running conditions (§ 3.2) were not measured. Therefore, WUFI Pro material’s database was used to
define the required input properties of the building materials for the simulation. Regarding geometry,
the thickness of the models was 6.4 cm for clay brick and 2.0 cm for limestone, the same as the speci-
mens used in the experimental campaign. Table 41 contains the values of bulk density, porosity, specific

heat, heat conductivity of the dry material, and water vapour resistance factor of the dry material for
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clay brick and limestone. Figure 67 and Figure 68 depicts the hygroscopic curves for clay brick and
limestone, respectively. In both cases, the moisture content starts to increase considerably after the RH
exceeds 80%. Regarding the surface transfer coefficients and the related parameters, the following data

were defined:

e Internal and external heat resistance: 0.125 m*K/W.
e No dependence of the wind.

e No external and internal coating.

e No shortwave radiation absorption.

e No ground short-wave reflectivity.

Table 41 — Properties of the clay brick and limestone for numerical simulation

Practical moisture

Specific Heat con-  Water vapour content (equilib-

Bulk density  Porosity

Material heat ductivity dry resistance ; .
[kg/m?] [kg/m?] “, rium moisture at a
[J/kgK] [W/mK] factor dry [-] RH of 0.8) [ka/m?]
Solid 18.0
clay 1900.0 0.24 850.0 0.6 10.0
brick
Lime- 2650.0 0.03 2600.0 3.0 35.7 -
stone
200 35
160 28 /
120 21

/

14
/
7

80 /
40

Moisture content [kg/m’]
Moisture content [kg/m?]

/ 7 //"
0 0 /
0 0.2 04 0.6 038 1.0 0 02 04 0.6 08 1.0
Relative humidity [%] Relative humidity [%o]
Figure 67 — Brick hygroscopic curve Figure 68 — Limestone hygroscopic curve

In the beginning of the simulation, the temperature of the material was set as 25.0°C and the air relative
humidity was set as 60%, approximately the same environmental conditions of the experimental cam-
paign under free-running conditions. Ten different initial moisture content were simulated. For brick,
the hygroscopic moisture content at 60% of RH is 7 kg/m*and the maximum moisture content is 240
kg/m?. Therefore, ten different values of moisture content between 7 and 240 kg/m? equally divided in
this range were selected. The moisture content of 7 kg/m® was not selected since in this condition the
material does not have any additional moisture. Similar procedure was implemented for limestone. Table

42 shows the moisture conditions of the materials at the beginning of the simulation.
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Table 42 — Initial moisture conditions of the materials simulated in WUFI

Material Simula- Bulk den- Moisture con- Moisture Initial moisture content
tion sity [kg/m?] tent [kg/m?] [kg/kg x 100] [%]*
1 240,0 12,6 100
2 216,7 11,4 90
3 193,4 10,1 80
4 170,1 8,8 70
Solid 5 146,8 7,6 60
clay brick 6 1900,0 1235 6.3 50
7 100,2 5,1 40
8 76,9 3,8 30
9 53,6 25 20
10 30,3 1,3 10
1 30,0 1,13 100
2 27,7 1,05 90
3 254 0,96 80
4 23,1 0,87 70
Lime- 5 20,8 0,78 60
stone 6 2650,0 185 0.70 50
7 16,2 0,61 40
8 13,9 0,52 30
9 11,6 0,44 20
10 9,3 0,35 10

*Percentage in relation to the maximum moisture content

The simulation period considered for the clay brick was of 46 days. This period was defined considering
the average time required for the surface temperature of a wet specimen to achieve the same surface
temperature as a dry specimen. As for the limestone, it was observed that they require less time to

achieve the initial dry conditions, therefore, the simulation period was shorter, of 32 days.

Regarding boundary conditions, the simulations were run considering an indoor environment in both
sides of the material as the aim was to evaluate the variation of moisture and surface temperature under
constant climate conditions. In this way, it was defined a constant air temperature and RH of 25 °C and
60%, respectively. The same values were defined both for the “outdoor climate” and the “indoor cli-

mate”. After defining all the necessary input parameters, the twenty simulations were performed.

4.2.2 RESULTS

42.2.1 Variables evolution over time

Figure 69 depicts the surface temperature variation of the clay brick specimens with initial moisture
content from 10 to 100% (specimen characteristics detailed in Table 41). As expected, the higher the
initial moisture content, the longer the surface temperature of the specimen took to return to the ambient
temperature (25°C). In the first hours of the test, the different specimens had very different temperatures,

however, with time the surface temperature of all specimens approximated to each other.
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Figure 69 — Surface temperature during drying of clay brick specimens with different initial moisture content

The variation in surface relative humidity [%] and moisture content in [kg/m?] and in [kg/kg x 100] is

shown in Figure 70, Figure 71, and Figure 72, respectively. It is observed that the initially saturated

specimen took approximately 600 hours for total drying. The specimen with only 10% of initial humidity
took approximately 400 hours for total drying. However, after 100 hours of testing it already had very

low moisture contents, below 1.0%.
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Figure 70 —Relative humidity variation relative to the surface of the clay brick specimens
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Figure 71 — Variation of moisture content on the Figure 72 — Variation of moisture content on the
surface of clay brick for different initial moisture surface of clay brick for different initial moisture
content [in kg/m?] content [in %]

The graphs showed that specimens with a higher initial moisture content show a sharp drop in humidity
at the beginning and, as the test progresses, the drying speed decreases, showing a reduction in the

evaporative flow as the moisture content decreases, as pointed out by [4].

The reduction in the surface temperature observed in the limestone specimens was considerably lower
than that observed in the clay brick specimens, although with a similar pattern, as depicted in Figure 73.
In addition, it is also observed that the time taken for the surface temperature of the limestone specimens
to return to the initial temperature was only 60 hours, while in the clay bricks it was approximately 600

hours.

The microstructure of materials has a great influence on their drying capacity, and the porosity is one of
the characteristics of the microstructure with greater influence. The porosity of the clay brick available
in the database of materials of WUFI is 0.24, while the porosity of the limestone is 0.03, which leads to
a great difference in the results obtained. Also, the thickness of the limestone specimens (2 cm) was
more than three times smaller than the thickness of the clay brick specimens (6.4 cm). Therefore, such

factors have a big impact on the rapid drying speed of the limestone specimens compared to clay brick.

The surface relative humidity variation in the specimens during the test is shown in Figure 74. The
graphs that depict the moisture content of the specimens in kg/m?® and in % are shown in Figure 75 and

Figure 76, respectively.
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Figure 73 — Surface temperature during drying of limestone specimens for different initial moisture content
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Figure 74 — Relative humidity variation relative to the surface of the limestone specimens
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Figure 75 — Variation of moisture content on the surface of limestone for different initial moisture content [in kg/m?]
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Figure 76 — Variation of moisture content on the surface of limestone for different initial moisture content [in %]
4222 Evolution of the maximum thermal gradient as a function of the moisture content

The graph in Figure 77 depicts the maximum thermal gradient identified during the entire drying phase
of each clay brick specimen. The maximum thermal gradient increases significantly up to the initial
moisture content of 50%, but it tends to stabilise after that. It is possible to observe a trend line for a

quadratic regression model indicating a R? near 1.
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Figure 77 — Maximum thermal gradient identified in the drying phase for different initial moisture content - clay
brick

Figure 78 depicts a graph with the maximum thermal gradient identified during the drying phase of the
limestone specimens. For the quadratic regression model (which presented the best adjustment to the
points) a R? near 1 is observed. While for clay brick the maximum gradient identified for the 10% mois-
ture content is greater than 1.0 °C, in the case of limestone the maximum gradient identified for the 10%

moisture content is just 0.15 °C.
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Figure 78 — Maximum thermal gradient identified in the drying phase of each specimen - limestone
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4223 Correlation analysis

With the aim of analysing the relationship between the variables “thermal gradient” and “moisture con-
tent”, the graph in Figure 79 was generated, which includes the results of all the simulations for clay
brick. The coefficient of determination (R?) found for the quadratic model was 0.92. Although the coef-
ficient shows a strong correlation between the variables, this curve does not capture the correlation in

the beginning of the tests when the thermal gradient and the moisture content are high.

To facilitate the understanding of the pattern identified in each of the specimens, the data was separated
according to the initial moisture content of each specimen, as depicted in Figure 80. For each of the

specimens, there is a clear downward curve between the thermal gradient and the moisture content.

The specimens with higher initial moisture content presented a phase in which the thermal gradient
varied in a narrow range while the moisture content varied more widely. Figure 81 shows this phase for
the specimen with initial moisture content of 100%, which is called “2nd phase”. The first phase refers
to the beginning of the test, which is the time that the surface temperature takes to reach its minimum
value. The third phase refers to a significant decrease in the thermal gradient until it tends to zero. For

smaller initial moisture content, the second phase does not exist, as it can be seen in Figure 82.
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Figure 79 — Correlation between thermal gradient and moisture content - clay brick
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Figure 80 — Correlation between thermal gradient and moisture content separated by initial moisture content - clay
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Figure 81 — Drying phases in the correlation graph — Brick specimen with initial moisture content of 100%
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Figure 82 — Drying phases in the correlation graph — Brick specimen with initial moisture content of 10%

The graphs in Figure 83 and Figure 84 indicate the correlation between thermal gradient and moisture
content [%] for limestone. In Figure 83, all values are presented without distinction according to the
initial moisture content of the specimen, while in Figure 84 there is a distinction between moisture con-
tents. As in the case of clay bricks, it is observed a pattern in the results obtained and a high coefficient
of determination of 0.91 for the quadratic regression model. Unlike the results of clay bricks, even the
specimen with 100% of initial moisture content did not present the “2nd phase”. Only two phases were
identified in all the simulations. This might be related to the low porosity and low moisture content of

the limestone specimens analysed.
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Figure 84 — Correlation between thermal gradient and moisture content separated by specimen — limestone

4224 Comparison with the laboratory results

The specimens used in the laboratory had very different characteristics from the materials selected for
simulation, as verified by the difference in porosity and density values. Hence, it is not possible to carry
out a quantitative analysis to compare them. However, a qualitative analysis of the obtained results was

conducted.
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Figure 85 shows the relationship between the thermal gradient and the moisture content for all data
obtained in the laboratory tests with the clay brick specimens. The relationship between the thermal
gradient and the moisture content with the data separated according to the initial moisture content of
each specimen is depicted in Figure 86. The comparison with the results shown in Figure 80 highlights
some similarities in the behaviour of the clay brick specimens in relation to that identified in the simu-
lations. However, the maximum thermal gradient identified in the simulations was almost 1.0 °C higher

than the one observed in the laboratory tests.
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Figure 85 — Correlation between thermal gradient and Figure 86 — Correlation separated by initial moisture
moisture content — clay brick laboratory tests content — clay brick laboratory tests

To enable a better comparison, the porosity and the apparent density of the clay brick were adjusted in
WUFI Pro software. With this adjustment it was possible to make a simulation with an initial moisture
content similar to the one measured in the test specimens in laboratory conditions. With a porosity of
0.24 (pre-defined value for the clay brick from the WUFI database), the maximum initial moisture con-
tent is 240 kg/m?, and the saturated clay brick specimen from the LFC test showed an initial moisture
content of 336 kg/m*. The graph in Figure 87 shows the curves of the three specimens with the men-
tioned adjustment. A very similar shape of the curves can now be identified for each specimen, but the

maximum thermal gradient identified remains considerably higher in the simulation results.
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It is important to note that the infrared camera showed surface temperature results lower than the air
temperature, as presented in Chapter 3. If the same procedure adopted by [163] is adopted in this anal-
ysis, that is, adjusting the air temperature in WUFI according to the temperature provided by the infrared
camera for the dry specimens (22 °C), the maximum thermal gradient obtained in WUFT is 3.9 °C. With
this approach, the difference between the predicted results in WUFI and those measured in the laboratory

tests for the maximum thermal gradient would reduce to 0.7 °C.

As verified in EN 12524:2000 [164], limestone is a material with a wide range of variation of its prop-
erties. There are stones with a density of 1600 kg/m* and a water vapour resistance factor of 20, and
stones with a density of 2600 kg/m?* and a resistance factor of 200. In the experimental campaign con-
ducted with limestone, it was observed that it reached saturation at approximately 30 minutes of meas-
urement, indicating a high porosity of this stone and a great divergence with the limestone available in
WUFI. Therefore, it was decided not to carry out comparison analyses between the results predicted

with WUFI and the laboratory tests for limestone.

4.3 DRYING PROCESS UNDER DIFFERENT ENVIRONMENTAL CONDITIONS

4.3.1 FRAMEWORK

For these simulations, it was defined the air temperature ranging between 5 to 25°C and the air relative
humidity from 50 to 90% since these are common values in the building context. The Latin Hypercube
Sampling method was used to randomly generate a set of 30 combinations between these parameters.

The materials chosen for the analysis were clay brick, concrete, granite, and limestone, which are
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building materials usually applied in walls. A reference thickness of 0.10 m was considered for the

simulations.

The software WUFI Pro was used to simulate the surface temperature and moisture content during the
drying phase of initially saturated building materials. The heat and moisture transfer equations used by

the software were previously presented in Chapter 2.

To simulate the drying of wet building materials, the software requires the following input: material’s
properties, moisture condition, simulation period, and climate conditions. Regarding the material's prop-
erties, the predefined materials and their properties available in the software’s database were used. The

properties of solid clay brick and limestone were presented in Table 41 and of concrete and granite are

presented in Table 43.
Table 43 — Properties of concrete and granite for numerical simulation

Bulk . Specific ~ Heat conduc- WS sl i s

Material ety Porosity heat ity b _pour re- tent (equilibrium mois-
[ke/m’] [kg/m?] [I/kgK] [W/mK] sistance fac- ture at a RH of 0.8)

& & tor dry [-] [ke/m?]
Concrete 2104.0 0.22 776.0 1.373 76.0 101.0
Granite 2453.0 0.095 702.0 1.66 54.0 73

Since the simulation was run considering indoor environment in both sides of the material, the surface
film coefficient for heat transfer on both boundaries was set at 0.125 m?K/W [40]. The material was
initially considered saturated, with the moisture content [kg/m?] at the beginning of the simulation set

to the maximum possible value for each material.

Figure 88 shows the total data simulated with the hygrothermal tool and selected for developing the
machine learning models. Concerning the environmental conditions, the 30 combinations of air temper-
ature and relative humidity were defined as input and set as constant during the simulation period. Since
four types of materials were simulated for each combination of air temperature and relative humidity, a

total of 120 simulation scenarios were obtained.

The simulation period in each scenario was set as 65000 hours, and the time step was 1 hour. For com-
putational effort purposes, it was necessary to reduce the data for the next steps, so approximately 40
sets of data (inputs and outputs) were selected among the 65000, using the maximum thermal gradient
identified during the drying phase (ATsuracemax). At the beginning of the drying process, the thermal
gradient (AT) is 0°C; then, it rises until it reaches ATsurfacemax. TWO sets of data were selected in this
initial phase. The remaining sets of data were selected in the period from the ATsufacemax until the AT

returned to 0°C. Hence, a total of 4800 sets of data were selected for the analysis (Figure 88).
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Figure 88 — Data simulated in the hygrothermal software and data selected for the analysis
4.3.2 RESULTS

The assessment of the data generated in the hygrothermal simulation software is presented in this Sec-

tion. The models developed are presented in Chapter 5.

Figure 89 shows the data distribution of the simulation outputs (AT surfacemax, AT surface, and moisture con-
tent). There are 30 values of ATsumcemax fOr each material since there were 30 different environmental
conditions that influenced these values. For the clay brick and granite, the values of ATsurfacemax Were
similar, ranging from approximately 0.5 to 4.5°C. For concrete, the AT surfacemax ranged from about 0.3 to
0.9°C. Lastly, for limestone, the maximum thermal gradient identified between the wet and dry surfaces
varied from 0.10 to 0.45°C.

Regarding the ATsuface, there are approximately 1200 values for each material, as explained in the pre-
vious section. All materials presented a high number of low ATufce values. This can be explained by
the fact that building materials have different drying phases, which directly impact their surface temper-

ature. At the beginning of the drying process, the surface evaporation rate is very high, so the ATsurface
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presents high values. However, this initial drying phase does not last long, and the ATurfuce quickly
reduces to low values due to a sharp reduction in the drying rate. Then, it takes a long time until the
ATsurtace Teaches 0°C because the drying rate is very low. The different evaporation rates during the

drying process are also explained in [4], [50].

The histograms presented very different formats for all materials in relation to the moisture content. The
clay brick’s histogram resembled a normal distribution, in which most values were concentrated around
the mean moisture content. Figure 90 shows the drying behaviour of the four materials regarding the
values of moisture content and ATuface in the environment with an air temperature of 7°C and relative
humidity of 53.73%. Results reveal that, in the case of clay brick, the moisture content sharply decreases
in the beginning, but it then takes a long time to return to values near to 0 kg/m?, justifying the high

number of intermediate values.

Regarding the concrete’s moisture content, there are only a few values below 180 kg/m3. According to
Figure 90 (a) and (b), its ATsurface quickly reduces to values close to 0°C, but the moisture content remains
high when ATuce tends to 0. Despite no thermal gradient, the concrete was still very humid, and the
evaporation was low. For granite, the moisture content decreases more sharply than in the case of clay
brick, attaining to very low values sooner. This explains why there are a bigger number of small values
in this histogram. Lastly, limestone’s behaviour was similar to concrete since there was no sharp de-

crease in moisture content at the beginning of the drying process.

The variation of the ATsuface according to the moisture content of the materials is shown in Figure 91.
The graph shows that the correlation between the thermal gradient at the surface and the moisture con-
tent depends substantially on the type of material, as limestone and concrete present a much narrower
variation than clay brick and granite. Besides that, it is possible to see in Figure 91 several downward

curves for each material, each corresponding to a different environmental condition.
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Figure 91 — Variation of the ATsurface according to the moisture content for different materials

To further understand the impact of the environmental conditions, the graphs in Figure 92 show the

variation of the maximum thermal gradient with the temperature and relative humidity of the ambient

air in the case of each material. Although each material presented a different AT surfacemas. it 1S possible to
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see a common pattern as the greater thermal gradients occur for a combination of high temperature and

low relative humidity for all four materials assessed.

The density of the vapour flow rate can be obtained according to equation (33), so the evaporation at the
surface will be influenced by the subtraction of the water vapour partial pressure in the ambient air from
the water vapour partial pressure at the surface, which, on its turn, will be influenced by the temperature
and relative humidity of the ambient air [47]. Since the density of the flow rate affects the surface tem-
perature [4], the difference in the water vapour pressure of the ambient air and the surface is expected
to influence the thermal gradient. For this reason, in environments with high air temperature and low air
relative humidity, the evaporation capacity and, therefore, the thermal gradient, will be higher than in

environments with low temperature and high relative humidity of the air [47].
Iv = .Bp -(pv,a - pv,s) (33)

Where:

gy density of vapour flow rate [kg/(m?.s)]
Bp: surface film coefficient for vapour diffusion [s/m]
Py,q: Water vapour partial pressure in the ambient air [Pa]

Py,s: Water vapour partial pressure in the surface [Pa]

The similar results between clay brick and granite might be explained by their similar evaporation rate
density identified at the beginning of the simulation, the period when the ATurfcemax 18 detected. Figure
93 contains the evaporation rate density of the materials in the same environment presented in Figure
90. The density of the evaporation rate density of the clay brick and granite is very similar until 109

hours of simulation, when they both reach approximately 99.3% of surface relative humidity.
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The explanation of the drying behaviour at the beginning of the drying process was presented in §

2.2.1.4, where it is presented the influence of the free water saturation (Wcap) and critical moisture content
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(Werit) 1in the evaporation rate density in the first drying phase. For concrete and limestone, this initial

drying phase that is approximately constant could not be identified in the simulations.

4.4 INPUT DATA FOR THE PREDICTION MODELS OF MOISTURE CONTENT

4.41 FRAMEWORK

For this step, the same environmental conditions presented in § 4.3 were adopted and a thickness of 0.02
m of mortar was considered. An additional layer of a waterproofing material with 0.001 m was used
since the specimens used in the laboratory tests were waterproofed to simulate evaporation only for one
surface of the material. The properties of the mortar used as inputs for the simulations were assessed
through laboratory tests (§ 3.3.1) and are presented in Table 44. A similar procedure to the one presented
in Figure 88 was performed. A total of 1200 sets of data were selected for the analysis of the mortar.
This data was combined with the 4800 sets of data generated in § 4.3.

Table 44 — Properties of the mortar for numerical simulation

Reference water

Bulk Specific Thermal Water vapour
Porosity content (equilibrium
Material  density heat conductivity resistance
g/ [kg/m?] /kgK] dry [WImK] factor dry [ moisture at a RH of
m m actor -
° ° i i 0.8) [kg/m?]
Mortar 1569.0 0.38 850.0 0.803 11.3 22.36

4.4.2 RESULTS

4421 Data distribution

The distribution of the values of thermal gradient (ATsursace [°C]) and moisture content [kg/m?] are shown
in Figure 94 (a). The values obtained in the experimental tests (laboratory) with the same mortar used

in the simulations is presented in Figure 94 (b).

In the simulations, which had 30 environmental conditions, the ATsyface varied from 0°C to 3.10°C and
the moisture content varied from 0 to 202 kg/m?. In laboratory conditions, the ATsurface also varied from
0°C to 3.10°C, but the moisture content varied from 0 to 220 kg/m?. As previously explained in this
Chapter, the drying behaviour of the porous building materials explain the high number of low AT surface

values and the small number of higher ATsuface Values (long period of time with a low evaporation rate).

In the simulations, a longer period was simulated compared to the monitored period in the laboratory.
This explains why the simulations led to much smaller values of moisture content in comparison to

experimental laboratory results where the results of moisture content are higher.
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4422 Correlation between thermal gradient and moisture content

The relationship between the moisture content and the ATyrsce for the simulation results are shown in
Figure 95. Each simulation in which the environmental condition is defined led to a curve, observing

that the higher the evaporation capacity, the higher the ATsurace reached.

The three scenarios tested in laboratory conditions were simulated in WUFL. In the first, the temperature
was 20°C and the relative humidity 70%. In the second, the temperature was 25°C and 60% of relative
humidity. In the last, the temperature was 15°C and the relative humidity was 80%.
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Figure 95 — Relationship between moisture content and thermal gradient (ATsurface [°C]) - simulation results

The comparison between the experimental and simulation results is shown in Figure 96, Figure 97, and

Figure 98 for scenarios I, I1, and III, respectively. Similar profiles of curves were obtained. However, in

all scenarios the maximum thermal gradient achieved in laboratory conditions was slightly higher than

in simulations.
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Figure 96 — Comparison of the relationship between moisture content and thermal gradient (ATsurface [°C]) for
simulation and experimental results — scenario |
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Figure 98 — Comparison of the relationship between moisture content and thermal gradient (ATsurface [°C]) for

4423

simulation and experimental results — scenario lll

Evolution of the thermal gradient and the moisture content

The evolution of the thermal gradient and the moisture content over time for experimental and simula-

tion results is shown in Figure 99.
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Figure 99 — Evolution of the thermal gradient (ATsurface [°C]) and moisture content over time for simulation and
experimental results: (a) ATsurface [°C] x Time for scenario |; (b) Moisture Content [kg/m?] x Time for scenario I; (c);
(d) ATsurface [°C] x Time for scenario Il; (e) Moisture Content [kg/m?] x Time for scenario Il; (f); () ATsurface [°C] X

Time for scenario lll; (h) Moisture Content [kg/m®] x Time for scenario IlI

4424 Evaporation rate

The comparison between the evaporation rate density and the thermal gradient for the simulation results

are presented in Figure 100, Figure 101, and Figure 102. The thermal gradient of the surface reduces at
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the same time of the evaporation rate density and the slope of the reduction curves is similar. As pre-
sented in Chapter 3, this fact shows that IRT can be applied to identify the duration of the first drying
phase and, therefore, in the context of practical inspections, calculate the evaporation rate density with

the use of equation (7).
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4425 Relationship between the evaporation capacity and the maximum thermal gradient

The difference between the saturation vapour pressure and the vapour pressure of the air is compared
with the maximum thermal gradient for all the 30 simulated scenarios, according to Figure 103. The
coefficient of determination (R?) is close to 1, indicating that the identification of the AT surfacemax [°C]
can be identified based on the environmental conditions if the linear curve of the material behaviour is
previously known.
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Figure 103 — Relationship between the vapour pressure and the ATsurfacemax (Saturation vapour pressure
subtracted from the vapour pressure of the air and ATsurfacemax [°C])
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4.5 FINAL REMARKS

The comparison between experimental and simulation data pointed out to a good agreement between
the results predicted by computer simulation software for hygrothermal behaviour and the results iden-
tified in practice, through laboratory tests. The shape of the correlation curve between thermal gradient
and moisture content was similar for experimental and simulation data. However, the maximum thermal

gradient identified in simulation was slightly different than the one identified in laboratory.

The results obtained from the WUF]I software show that the maximum thermal gradient varies according
to the initial moisture content of the material. The maximum thermal gradient is similar for specimens
with the initial moisture content higher than 60% of the maximum moisture content in the case of clay
brick. For values above 60%, the relative humidity of the surface is 100% (Figure 70). As the maximum
thermal gradient is related to the difference between the saturated vapour pressure at the surface and the
vapour pressure of the air, materials with initial moisture content 60% above of the maximum value
(saturated surface) will have the same maximum thermal gradient. Below this value, the maximum ther-

mal gradient reduces in a linearly trend according to the initial moisture content.

For the clay bricks, in the simulations with an initial moisture content of 10% (of the maximum moisture
content), a maximum thermal gradient of 1.1 °C was found, while for the simulation with an initial
moisture content of 100%, the maximum gradient increased to 4.3 °C. The evolution of the maximum
gradient according to the initial moisture content could be adjusted by a quadratic regression model,
with a coefficient of determination (R?) of 0.99. As for limestone, much smaller temperature gradients
were identified, 0.15 °C for the initial moisture content of 10% and 0.9°C for the initial moisture content
of 100%.

The time needed in the drying period for the thermal gradient to return to values near to 0 was around
600 hours for clay bricks and 60 hours for limestone, approximately. The big difference between the
results found for the two materials is due to different properties and layer thickness. The clay brick
presents a porosity eight times greater than the limestone and a thickness more than three times greater,
thus justifying the longer drying time and the greater thermal gradients identified, in line with the infor-

mation found in the literature and presented in Chapter 2.

It was identified that the evaporative flux in clay brick is very high for moisture contents above 6.0%.
In other words, between 12.0% and 6.0%, the moisture content decreased rapidly (see Figure 72) and
the thermal gradient was almost constant (see Figure 80), but below 6.0% the speed of moisture reduc-
tion decreased considerably. As for limestone, a high evaporative flow was observed for values above
1.0% (Figure 76).

Regarding the correlation between the thermal gradient and the moisture content, it was observed a clear
pattern in the results and a high coefficient of determination, of 0.92 for clay brick and 0.91 for lime-

stone.
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The data analysis of the simulations of the drying process under different environmental conditions (§
4.3) revealed that each environmental condition and material presented a specific downward curve for
the correlation between the moisture content of the material and the thermal gradient. The downward
curves resemble the shape of a quadratic regression model. The different curves occurs because the
ATsursace 18 influenced by the evaporation at the surface, and the evaporation is influenced by the proper-

ties of the materials, such as the pore size distribution, and the surrounding environmental conditions.

Computer simulation software are very efficient for identifying the hygrothermal behaviour of materials,
systems and building components, as well as revealing a great potential for aiding in the automated
identification of defects related to moisture in buildings since they allow to predict the behaviour of
different materials under different environmental conditions. The knowledge of the whole drying pro-

cess of each material is crucial in the quantification of the moisture content of the material.

Overall, the use of computational tools, such as WUFI, has proven to be valuable in predicting the
hygrothermal behaviour of building materials, putting forward a sound approach for applications in
building diagnosis and moisture related defects, especially when combined with advanced techniques
such as machine learning. The use of these simulations with real-world data will be essential for devel-

oping the algorithms that enables the identification of the moisture content of porous building materials.
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S

MOISTURE PREDICTION MODELS

5.1. PRELIMINARY MACHINE LEARNING MODELS

5.1.1. FRAMEWORK

Figure 104 contains the framework for developing the preliminary model to predict the moisture
content of building materials based on the surface temperature and other input data obtained from
simulations. The complete analysis can be divided into three main steps. The first involves data
collection and preparation, the second is the creation of the machine learning model, and the last
comprises training, evaluating, and application of the model. This Section presents the detailed

description of each step.

, Parameters Hygrothermal simulation Data selection
! definition .
DATA COLLECTION . llr\-\][?e;tg}—aﬁs propertics QAI:I;TP;LTS -30 §1%x ironmental
! -Temperature range -Mater 3 1 "~ " surfacemax conditions
; AND PREPARATION Rel It) e Humidity r. -Moisture conditions -Surface -4 materials
: Fetatve CHIIAY gg [ gimulation period femperature -40 results selected
: -Materials -Climate conditions C\gggﬂye among 65000 hours

of simulation

Models definition Architecture definition Model compilation
' -Model I - predicts -Type of Neural Network
; MODEL CREATION Ry am—m— (Feedforward - MLP) -Loss function
' -Model II - predicts -Number of inputs and outputs -Optimizer
; Moisture content -Number of hidden layers and -Metrics
; -Model III - predicts neuroens
: Moisture content -Activation function
Model training Model evaluation Models application

and optimization
' MODEL TRAINING, “Number of epochs P -Application of the models to
| EVALUATION AND gESiiGtn -Hyperparameters predict the moisture content
APPLICATION -Analysis of the training adju st.men[ ) and the AT fcemax 10 3
it and validation loss -Metrics analysis environmental conditions

Flgure 104 — Framework of the development of the machine learning models to predict the moisture
content
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The data collection and preparation comprises the definition of the parameters necessary as input
for the simulation with the hygrothermal software. The details about this step are presented in
Chapter 4 and § 4.3.2 presents the results of the simulation data used as dataset for training and
testing the algorithms developed in this Section. Complete information about the algorithms de-

veloped at this stage is presented in Appendix 4.

5.1.2. MODEL CREATION

Three models were developed in this step. Model I predicts the maximum thermal gradient (AT
facemax) 10 the drying phase of an initially saturated material. The thermal gradient of the surface at
an instant 7 (ATsuracc) Was obtained by subtracting the surface temperature of the dry material from
the surface temperature of the moist material at the time i. This model had as inputs the type of
material and the temperature and relative humidity of the air. In terms of practical applications,
during a building moisture inspection, it is useful to know the maximum thermal gradient of sat-
urated materials to compare it with the thermal gradient identified at the moment of the inspection.

In this way, it is possible to estimate how moist the material is.

An analysis of the moisture condition of the selected building materials was possible using Mod-
els II and III, which were developed to identify the moisture content of the materials, in kg/m?.
Both models considered as inputs: material, environmental conditions (air temperature and rela-
tive humidity), and thermal gradient of the surface (ATsumace). Model 11 was developed with all the
values in the selected dataset. However, for accuracy purposes, Model III disregarded the data
from the initial phase of the simulation, when the surface temperature of the moist material has
not yet reached its minimum value, but the moisture content is very high. This adjustment period

usually takes 1 to 30 hours, depending on the material (Figure 105).
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Figure 105 — Adjustment time of the temperature of moist areas at the beginning of the evaporation
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After defining the inputs and outputs of each model, the data was divided into subsets for training
and testing purposes. Preliminary simulations with different training and testing sizes showed that
80% of the values should be used for training and 20% for testing. These values are in agreement

with the references found in the literature.

A critical step before training the models is to preprocess the data through methods such as stand-
ardisation and normalisation [123]. The data must be transformed by applying feature scaling to
put the values in the same scale since machine learning algorithms do not perform well with
values of very different scales [111], [124]. The scaling method adopted was normalisation due
to the nature of the dataset. Data preparation, model creation, and evaluation were performed

using Jupyter Notebook in Python.

This work used a regression type of task and supervised learning, in which a labelled training set
was used to feed the algorithm to predict a target numeric value. Many researchers have used the
Neural Networks (NN) of the Multilayer Perceptrons (MLPs) type to deal with tabular data [150],
[151], [147], [141]. Therefore, this type was selected for this analysis. Several tests were per-
formed to define the ideal number of hidden layers and neurons. As an example, the generic ar-
chitecture of the NN Models II and I1I is represented in Figure 106. Table 45 contains information
regarding the parameters of the NNs models developed.

Relative
Humidity

Material £

Thermal f.
gradient (AT) ™

Ly Ly Ly
INPUT LAYER HIDDEN LAYERS OUTPUT LAYER

Figure 106 — Architecture of the NN developed to predict the moisture content
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Table 45 — Parameters of the NNs developed

Parameters Model | Model lI Model IlI
Inputs Material, Air tempera- Material, Air tempera- Material, Air tempera-
ture, Air relative hu- ture, Air relative hu- ture, Air relative hu-
midity midity, Surface thermal midity, Surface thermal
gradient (ATsurface) gradient (ATsun‘ace)
Output Maximum surface ther- Moisture content Moisture content
mal gradient (AT surface- (kg/m?) (kg/m3)
max)
Activation func- Rectified Linear Units Rectified Linear Units Rectified Linear Units
tion (ReLU) (ReLU) (ReLU)
Optimiser Adam Adam Adam
Metrics MSE, MAE, MAPE MSE, MAE, MAPE MSE, MAE, MAPE

The output of each neuron in the NN was calculated according to equations (34) and (35), which
represents the neuron shown in Figure 107, where the values of wy 1, Wi, w13, and w4 are the
weights applied to each of the neurons in the input layer regarding the grey highlighted neuron;
by is the bias of the grey highlighted neuron; and o is the activation function applied to the value
of ZP] to obtain the output agl] of the grey highlighted neuron. These operations are applied to
every neuron in every layer of the model. The output of a neuron will become the input of the

neurons in the following layer.

X1

X2

*3

Material [

AT

Figure 107 — Weights applied to the first neuron in the first layer

Zl[l] = Wl,lxl + lezxz + W1,3X3 + W1,4,x4, + bl (34)
1 1
all = g (2" (35)

To compile the model, it was necessary to select the cost function, the optimizer, and the metrics

to analyse its performance. The cost function of a machine learning model takes the prediction

140



Smart Diagnosis for Preventing Moisture Damage in buildings L. C. M. Dafico

made by the model and the true value and computes a distance score, measuring how well the
network has predicted that value. Training a NN means learning the model parameters of weights
and biases that minimise this cost function. In the training process, the parameters are initialised
randomly. Then, the loss function is calculated, and the gradient of the loss function with respect
to the weight and the bias is obtained with the backpropagation method, which employs the chain
rule of derivative. In the beginning, the model performs poorly at fitting the observations in the
training set. Then, the optimal values are obtained using a gradient-descent algorithm that updates
the parameters in each iteration according to the defined learning rate, improving the fitting ability
of the model [109], [111].

In all the NN presented in this preliminary model, the loss function selected was the mean-square
error (MSE). Thus, the optimal set of parameters is the one which minimise the MSE. The opti-
mizer and the metric to analyse the model were Adam and the mean absolute error (MAE), re-
spectively, the most suitable for this type of regression problem. Equations (36), (37) and (38)
presents how the MSE, MAE and mean absolute percentage error (MAPE) are calculated, where

¥, represents the predicted value and y; the true value.

1 -~
MSE = -3, (vi — %1)° (36)
1 ~
MAE = - ¥i1lyi — 9 (37
MAPE = 231, |y;J| x 100% (38)

5.1.3. MODEL TRAINING, EVALUATION AND APPLICATION

During the training phase, an early stopping function was applied to prevent the model from over-
fitting the data. The objective was to find the exact point during training where it reached the most
generalizable fit, which means the moment between an underfit and an overfit curve [109]. In this
way, the iterations (epochs) stop when the model starts to overfit, and the value of the performance
metrics for the training and validation data will be closer to each other. If the early stopping func-
tion was not applied, the performance of the training set would continue to improve, while the
performance of the validation set would reduce, according to the example illustrated in Figure
108, which presents the training and validation loss curves for a test conducted in this study where

no early stopping function was used.
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Figure 108 — Example of the point at which the model starts overfitting

The loss and the MAE for the training and validation sets were computed at each epoch. The
graphs plotting these values were analysed for different architectures of the NN models, and the
hyperparameters were adjusted. Another important metric to analyse the performance of a ma-
chine learning model is the coefficient of determination (R?) between the predicted values and the

true values for the test set. The R?s of the NNs were computed and compared.

After the training and evaluation steps, the best models were chosen to be applied in three hypo-
thetical environmental conditions to predict the moisture content and the maximum thermal gra-

dient.

5.1.4. RESULTS

5.1.4.1. Neural Network’s architecture and performance

The results of the evaluation of the most appropriate architecture for the NN Models I, 11, and 111

are shown in Table 46,

Table 47, and Table 48, respectively. Regarding Model I, the best architecture was two hidden
layers, the first with 128 neurons and the second with 64. For Model 11, it is possible to see that
the architecture leading to the smaller error is the one with three hidden layers: the first with 128
neurons and the second and the third with 64 neurons each. The latter finding also applies to
Model III.

The best architecture in Model I converged to an optimal solution with only 35 epochs. The
smaller number of layers and epochs in Model I can be explained by its lower complexity. This
model presented minor errors, indicating high accuracy in predicting the maximum thermal gra-

dient. The complexity of the model can also explain the architecture and the performance of
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Models II and III. Model II comprised a larger amount of data with a more complex pattern, as
explained in § 5.1.2. In this way, it required more epochs to reach the optimal solution and pre-
sented more considerable errors than Model III. The predictions of Model II are off, on average,
by 21% of the actual value, more than five times the value found for Model III, which shows the

higher accuracy of Model II1.

Table 46 — Architecture analysis for the NN of Model |

Number of Number of neurons on each  Epochs MSE MAE MAPE
hidden layers hidden layer
1 128 93 0.011 0.067 21.7
2 1st; 128; 2" 64 35 0.0072 0.018 2.7
3 1t 128; 29: 64; 3: 64 27 0.00085 0.022 3.7

Table 47 — Architecture analysis for the NN of Model Il

Number of Number of neurons on each  Epochs MSE MAE MAPE
hidden layers hidden layer
2 1t 128; 2" 64 684 412.43 9.18 22.0
3 1st: 128; 2": 64; 3™: 64 444 300.69 7.83 21.0
4 1t 128; 2"d: 64; 3r9: 64; 4t 165 390.86 8.37 21.0
64

Table 48 — Architecture analysis for the NN of Model 11l

Number of Number of neurons on each  Epochs MSE MAE MAPE
hidden layers hidden layer
2 1t 128; 2" 64 258 148.15 6.27 10.4
3 1st: 128; 2": 64; 3™: 64 230 40.30 2.56 4.1
4 1t 128; 2"d: 64; 3rd: 64; 4t 156 57.17 2.96 4.4
64

The loss and the MAE in the training and validation sets for Models I, II, and III are shown in
Figure 109. In Model I, the loss had low values since the beginning of the training process, which
was expected due to its lower complexity. The errors obtained after finding the optimal solution
in this model were close to 0. In Models II and III, a zoom of the MAE values at the end of the
training process is presented. It indicates that in Model II, the MAE ranged from approximately
6.0 to 8.0 in the last epochs, while in Model III, the MAE ranged from about 2.0 to 4.0. In the last
epochs of all the Models, the validation loss is close to the training loss, which shows that the

model does not underfit or overfit the data.

The correlation between the predicted and the true values and the coefficient of determination
(R?) are shown in Figure 110 for Models I, II, and III. Models I and III presented a very strong
correlation between the predicted and the true values in the training and testing sets, close to 1,
showing an excellent performance of the models. As for Model II (containing all data, including
that from the adjustment period), it presented a strong correlation (R?>=0.96). Still, the MSE, MAE,
and MAPE metrics showed error values much higher than Model III due to the large dispersion

of data, as seen in Figure 110 (c) and (d).
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5.1.4.2. Applications of the developed models

Model III presented the best performance for predicting the moisture content in the building ma-
terials analysed. For this reason, this model was applied to predict the moisture content in three
hypothetical environmental conditions that are common in real applications: (i) Temperature (T)
of 15°C and Relative Humidity (RH) of 80%; (ii) T =20°C and RH = 70%; and (iii) T=25°C and
RH=60%. The predictions were based on the thermal gradient between the surface of the moist
material and the dry surface (ATsurfacc). Figure 111 shows the results obtained for clay brick, con-
crete, granite and limestone in the three environmental conditions. It is also highlighted in Figure
111 the maximum thermal gradient (ATsuacemax) that can be identified in each case, predicted by
Model 1.

In the first environment (T = 15°C and RH = 80%), which had the lowest evaporation capacity,
the ATsurfacemax- Was 1.45°C in clay brick, 0.47°C in concrete, 1.47°C in granite, and 0.20°C in
limestone. Regarding the second environment (T = 20°C and RH = 70%), the maximum thermal
gradient reached 2,64°C in clay brick, 0.61°C in concrete, 2.70°C in granite, and 0.27°C in lime-
stone. Lastly, in the third environment (T = 25°C and RH = 60%), the AT surfacemax Was 4.27°C in
clay brick, 0.83°C in concrete, 4.25°C in granite, and 0.47°C in limestone.

In clay brick and granite, there is a clear variation in the moisture content according to the varia-
tion in the ATguface (Figure 111(a) and Figure 111(c)). The moisture content is very low when the
ATsurtace Teaches 0°C, especially in the third environment. In limestone, in the third environment,
it is possible to see changes in the moisture content with changes in ATrsce. However, in the first
environment, very little difference is noticeable. For limestone, the moisture content does not

reach lower values in any of the three environments even when the ATyrsace tends to 0°C.

As to concrete, the variations in the AT do not reflect considerable changes in the moisture
content in any of the three environments. Even when the ATurfuce Was almost 0°C, the moisture
content of concrete was still very high. This can be explained by the drying behaviour of concrete.
The drying simulation of concrete in the first environment showed that with five days of simula-
tion, the ATsuface Was already lower than 0.1°C, and, at this point, only approximately 2.5 mm out
of the 100 mm of thickness was dry, as shown in Figure 112(a), which contains the cross-section
of concrete when ATsuface Was close to 0°C. The whole thickness of concrete took approximately
eight years to dry. As mentioned in Chapter 3, this behaviour can be explained by the pore size
distribution of the materials. On the other hand, in clay brick, when the ATgusce approaches 0°C,

the value of the moisture content inside the clay brick is already very low, as shown in Figure 112
(b).

Additionally, two important considerations must be highlighted regarding the application of

Models I and I1I to practical cases. The first one is that some infrared cameras present a thermal
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sensitivity of around 0.1°C, which means that they are not so effective in evaluating temperature
differences lower than 0.1°C. Therefore, in environments where the thermal gradient presents
very low values, it might be difficult to identify differences in the moisture content. Secondly, the
developed models only can be applied for the conditions set for the simulation step: 0.10 m thick-
ness, no heat source or wind, initially saturated materials, and constant temperature and relative

humidity of the air.

Overall, the results indicate that the machine learning model enables the identification of the
moisture content in clay brick, granite, and limestone in all the tested environments. However, in
environments with very high relative humidities and low temperatures, it might be challenging to
identify the exact moisture content when the values are below 30 kg/m? for clay brick, 15 kg/m?
for granite, and 25 kg/m? for limestone (minimum values of the green lines in Figure 111) since
when the materials reach these values, there is no thermal gradient or the thermal gradient is very
small. Also, for limestone, the low values of the thermal gradient and the mentioned thermal
sensitivity of some equipment might make it difficult to identify the moisture content based on
slight differences in the thermal gradient. Lastly, for concrete, considering its pore size distribu-
tion, it might be possible to identify the moisture content only down to a few millimetres below
the surface since the drying of the internal moisture content happens at a very low drying rate

which cannot be identified by the available infrared cameras.

In a practical application, it is also important to analyse the moisture storage function of the ma-
terial to understand the real meaning of the value of the moisture content predicted by the model,
as shown in Figure 113. For example, for clay brick in an environment with a relative humidity
of 70% and a ATsurface 0f 2.0°C, Model III predicted a moisture content of 113 kg/m?, which rep-
resents a very wet material since the equilibrium moisture content for a relative humidity of 70%
is around 10.0 kg/m?. In this environment, if the ATsurface Were 0.2°C, it would represent a material

with an amount of moisture higher than usual, but not critical.
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Figure 111 — Predictions of the moisture content based on the ATsurface in three different environmental
conditions for (a) clay brick, (b) concrete, (c) granite, and (d) limestone
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Figure 113 — Moisture storage function of clay brick and the moisture content (w) corresponding to a
ATsurface 0f 2.0°C and 0.2°C

5.1.5. DISCUSSION

Algorithms were developed to predict: (i) the moisture content of moist materials based on the
thermal gradient between areas with and without moisture (ATsurface) and (ii) the maximum ther-
mal gradient (ATsurfacemax) for saturated materials. The inputs considered were the type of material,
the temperature and relative humidity of the air, and the ATsuace. All data used to create and test

the models were generated by hygrothermal simulation.

It was found that computational tools combined with machine learning models enabled the crea-
tion of models with a very strong correlation between the predicted and the true values of moisture
content and ATsuracemax. The NN developed to predict the ATgurfacemax (Model 1) showed the coef-
ficient of determination (R?) of 0.99. A R? value of 0.96 was found for the NN model that predicts
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the moisture content using all the data generated by simulation (Model II). Still, the model disre-
garding the adjustment period (Model III) presented a higher coefficient of determination, about
0.99.

The applications of the developed models in environmental conditions that are common in real
applications demonstrated how they could be used in building inspection and their limitations. In
clay brick and granite, the model presented excellent results in identifying the moisture content
from saturation until the material reached low values of moisture content. In concrete, the model
enabled the identification of the moisture content only at surface, since when the material was dry
at surface but still wet at internal layers no thermal gradient was identified. For limestone, the

model could identify high and intermediate moisture content values.

5.2. FINAL ALGORITHMS

In the previous chapters, the relationship between thermal gradients and moisture content in build-
ing materials was investigated through laboratory tests and hygrothermal simulations. Chapters 3
and 4 presented the results of these tests and simulations, which aimed to identify how various
environmental conditions and different materials affect the moisture-thermal gradient relation-
ship. These procedures were crucial for understanding moisture transport in materials such as clay

brick, concrete, limestone, granite, and mortar.

Based on these insights, § 5.1 introduced the preliminary results of a machine learning model
developed to predict moisture content in building materials. This initial model was trained with
simulation data to provide a foundational approach to predict moisture content based on surface
temperature. Although this preliminary model is an important step towards non-destructive mois-

ture diagnosis in buildings, it is still necessary to fine-tune it to achieve more accurate results.

To this end, two new moisture prediction models were developed based on what was developed
and identified previously. The first is a machine-learning model built on the model introduced in
§ 5.1. This new model incorporates additional data from laboratory tests performed on mortar and
simulations using as input data measured properties of samples used in the experimental cam-
paign. Through a fine-tuning process using experimental data, this machine-learning model

achieves more accurate predictions of moisture content in building materials.

The second model is based on building physics principles. It focuses on generating the moisture
content curve during the drying phase of mortar coatings, using infrared thermography to detect
the different drying stages and assess the moisture content. This model integrates both linear and
exponential drying phases to capture the full range of moisture behaviour during the drying pro-

CESS.
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Figure 114 illustrates the framework of these two models. In the first one, which employs machine
learning, simulation data is combined with laboratory test data to train a neural network for pre-
dicting moisture content in materials like clay brick, concrete, limestone, and granite under vari-
ous environmental conditions. The process begins with preliminary tests on different materials
(presented in § 5.1), followed by new simulations and laboratory tests on mortar. The inputs for
this model include the material, air temperature and relative humidity, slope (rising or decreasing
ATguriace during the drying process) and surface temperatures (wet and dry material), with the out-
put being a moisture map. Meanwhile, the second algorithm based on building physics principles
uses the evaporation rate and thermal gradient to determine the moisture content during the two
drying phases of mortar, providing equations that traduces them. The inputs presented in Figure
114 can be obtained from laboratory tests and with IRT. While the first model predicts the mois-
ture content based on a specific thermal gradient, the second one traces the moisture content curve
during the whole drying process, based the duration of the different drying phases identified with
infrared thermography.
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Figure 114 — Procedures to develop the final algorithms
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5.3. MOISTURE PREDICTION MODEL WITH MACHINE LEARNING

5.3.1. FRAMEWORK

Figure 115 shows the three algorithms developed to create this final moisture prediction model.
The procedures adopted to develop Algorithm 1 with machine learning were similar to the ones
presented in § 5.1. New simulation data were generated using the results of hygrothermal simu-
lation for mortar. This data was combined with the one previously generated for clay brick, con-
crete, limestone, and granite. Additionally, experimental data collected in the laboratory tests

were combined with the simulation data. The developed algorithm is presented in Appendix 5.

After that, a new algorithm that converts a thermal image to a file with ATsuface values was devel-
oped (Algorithm 2). Finally, Algorithm 3 intended to create a moisture map based on the thermal
image uploaded. Algorithms 2 and 3 are presented in Appendix 6. The inputs of this last algorithm
were the file with the AT values, the file with the neural network developed in algorithm 1, and
information regarding the material, slope (rising or decreasing ATsurfuce during the drying process)
and air temperature and relative humidity. Figure 116 shows the steps to obtain the moisture maps

based on the results of infrared thermography.

ALGORITHMSDEVELOPED

1- Predict the moisture 2 - Convert thermal image to
content (neural network) N ATsurface values

rd s AY N,
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Figure 115 — Final algorithms developed for moisture prediction

Two different approaches were adopted to develop algorithm 1: random initialisation and soft
start. The first one consisted of training a neural network with all data (laboratory and simulation),
while the second one consisted of training the neural network with the simulation data and then

fine-tuning the algorithm with the laboratory data.
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Figure 116 — Steps to generate the moisture map

Figure 117 shows the approaches adopted and the models developed. Besides the model to predict
the moisture content in kg/m?* (Model II), it was also developed a model to predict the maximum
thermal gradient (ATsurfacemax) in the drying phase of an initially saturated material (Model I). The
inputs of model I were the type of material, air temperature and relative humidity, and the output
was the ATsurfacemax. Model 11 was developed with all the values obtained in simulation (like Model
II presented in § 5.1, it did not disregard the data from the initial phase of the simulation). It had
as inputs the air temperature, air relative humidity, slope (showing if the surface temperature is
rising or decreasing), surface temperature at the moist area, surface temperature if the dry area,
and the material. The output was the moisture content. This final algorithm is better suited for
mortar since it was adjusted with experimental data from mortar samples. Similarly to the algo-

rithms developed in the preliminary tests, Neural Networks of the MLP type were used.
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5.3.2. RESULTS

Different architectures were assessed in random initialisation, with different numbers of hidden
layers and neurons. In soft start, it was also evaluated the effect of dropping and adding different
layers. However, only the architectures that presented the best performance, selected based on
higher values of the coefficient of determination (R?) between the predicted and the true values,
were chosen for the analysis (Table 49).

Table 49 — Information and performance of the models

Random initialisation Soft start
Layers 1st; 128; 2nd: 64; 39: 64 Added layers: 1st: 128; 2d: 128
Model Epochs 37 218
I R2 (training) 0.999 0.976
R? (testing) 0.999 0.964
Layers 1st: 128; 2nd: 64; 379: 64 Added layers: 1t 128; 274 128
Model Epochs 210 721
I R? (training) 0.995 0.355
R? (testing) 0.994 0.494
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The graphs with the metrics of loss and MAE are shown in Figure 118. Model I performed well
in both situations (random initialisation and soft start). However, for Model II, which presented a
higher complexity, random initialisation performed better since, with soft start, the model pre-

sented lower coefficient of determination (R?), and the MAE graph showed signs of overfitting.

Figure 119 shows the correlation between the predicted and the true values as well as the coeffi-
cient of determination (R?) when using random initialisation and soft start for developing Model
I and II. The number of scenarios obtained with the laboratory campaign was too small to use the
soft start technique, as can be seen in Figures 135 (e), (f), (g) and (h), pointing to unsatisfactory
results. The superior performance of random initialisation can be clearly seen when comparing

Figure 119 (c) and (g), where Figure 119 (g) exhibits greater data dispersion.

The algorithms developed in §5.1 have limitations, as they do not incorporate experimental data.
Additionally, Model III (from §5.1) disregarded initial data from the training and testing datasets,
preventing it from accurately predicting moisture content during the early stages of the drying
process. The algorithms presented in this Section aim to improve upon those in §5.1 by integrating
experimental data and considering the entire values of the dataset. As a result, the updated Model
IT in this Section achieved an R? value of 0.994 for the testing dataset, compared to 0.957 for

Model II in §5.1, confirming its higher accuracy.

Algorithm 2 was developed to process a thermal image of a wall with regions with and without
moisture. Each pixel corresponds to a specific temperature value. This algorithm requires the user
to input the temperature of a dry region, which can be obtained by averaging values from an area
without moisture. Once this information is provided, the algorithm generates a file containing
thermal gradient (ATsurce) values. This file, along with the neural network from Algorithm 1,
must then be uploaded into Algorithm 3, which will generate a moisture map displaying the mois-

ture content of the wall, according to Figure 120.

Based on the obtained results, the new machine learning model demonstrated the ability to predict
the moisture content in building materials, specifically focused on mortar, with improved accu-
racy. By combining simulation data with laboratory results, the model achieved a high degree of

precision in estimating moisture content using the random initialisation approach.
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Figure 120 — Moisture map generated by Algorithm 3

5.4. MOISTURE PREDICTION MODEL BASED ON BUILDING PHYSICS CONCEPTS

5.4.1 FRAMEWORK

Building materials undergo two distinct drying phases, each are characterised by different evap-
oration rates. In the initial phase, the evaporation rate remains approximately constant. However,
as drying progresses, it gradually decreases [38]. Consequently, the moisture content decreases
linearly during the early stages and follows an exponential decay as the material approaches equi-
librium. This behaviour is heavily influenced by the specific properties of the material, such as
porosity, permeability, and others, as discussed in Chapter 2, where the physical phenomena gov-

erning heat and moisture transport were outlined.

In Chapter 2, Figure 7 and Figure 8 illustrate the different drying phases and the correlation be-
tween the evaporation rate and the moisture content in a plaster. Those concepts are the basis for
using infrared thermography (IRT) to monitor and predict moisture during the drying process.
Chapters 3 and 4 further validated the correlation between moisture and thermal gradient through
laboratory tests and hygrothermal simulations and confirmed that the evaporation rate is closely
related to the thermal gradient on the material’s surface. With the use of IRT, the duration of the
drying phases can be identified (as presented in § 3.2.2.8, § 3.3.3.3 and § 4.4.2.4 when comparing
IRT results with the evaporation rate density), providing critical information about the moisture

profile throughout the drying process of building materials.

In a practical application, if a small sample of the material is collected to identify the free water
saturation (Weap) and critical moisture content (Werit), IRT can then provide insights about the du-

ration of each drying phase and equation (7) can be used to predict the evaporation rate density.
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Based on that, the algorithm developed in this work generates a moisture content curve over the
entire drying period, facilitating a comprehensive understanding of its evolution. This approach
can be particularly useful for monitoring multiple walls made of the same material. Once the first
wall is observed, the moisture evolution during the drying process can be estimated for the others.
Furthermore, if a destructive test is conducted at a specific point during the second drying phase,
the algorithm can be applied to define the equation of the exponential curve, allowing for an

accurate estimation of the total drying time.

The model developed and tested in this Section focuses on the mortar tested in the laboratory (§
3.3). However, this methodology is versatile enough to be adapted for other building materials.
The potential to generalise this method makes it a valuable tool for non-destructive moisture di-
agnostics and risk assessment in building materials, providing actionable data that supports better-

informed decisions in building maintenance and preservation.

The algorithm developed to generate the moisture content curve of materials during the drying
process was based on experimental and theoretical foundation and is presented in Appendix 7.
The inputs necessary for running the algorithm, as shown in Figure 114, included parameters
obtained from laboratory tests and infrared thermography (IRT). The laboratory-derived parame-

ters, presented in Chapter 2, are:

®  Wep [kg/m?].

o Wuit [kg/m?].

®  Wequil [kg/m?].

e d (thickness of the material) [m].

e A (exposed surface area) [m?].

eV (volume of the material) [m?].
Time intervals (t4, tr), marking the drying phases, are obtained using IRT: tq represents the period
of time until the thermal gradient sharply drops and tris the period time until the thermal gradient
is no longer visible. The evaporation rate in the first drying phase was calculated according to
equation (7). Figure 121 presents the evolution of moisture content over time and the values

needed as input of the algorithm.

In the first phase, the drying process followed a linear relationship. The equation that traduces it
is calculated using the known points (0 [h], Weap [kg/m?]) and (td [h], werit [kg/m?]) to define its
slope (m). The variation of moisture content over time is given by equation (39), where m and ¢

are determined using equations (40) and (41), respectively.

y=mx-+c (39)

m = Yeap~ Werit (40)
tq

C = Weap 41)
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Figure 121 — Generic evolution of moisture content over time (inputs of algorithm based on building
physics concepts)

During the second drying phase, after the critical moisture content is reached, the drying process
exhibits exponential behaviour. The equation is modelled using the points (tq [h], Werit [kg/m?])

and (te[h], Wequil [kg/m?]), as shown in equation (42).
y=a.eb* (42)

The coefficients a and b are calculated using equations (43) and (44).

| Wequil

n—w -

b= e 43)
_ Werit

o= Yot (44)

The developed algorithm incorporated these equations and generated the moisture content curve

in the drying process. Below there is a summary of the implementation:

e Definition of the linear and exponential equations based on the experimental and simula-
tion information (Weap, Werit, td, and ty),
e Application of the algorithm to test its applicability under four scenarios:
1. Simulation results for 25°C, 60% RH.
2. Laboratory tests at three different climatic conditions:
= 25°C, 60% RH.
= 15°C, 80% RH.
= 20°C, 70% RH.
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e Comparison between the curves predicted by the algorithm and the curves identified in

the experimental campaign and simulation.

5.4.2 RESULTS

The results obtained by the algorithm were compared with the experimental data from laboratory
tests under three different climatic conditions and with the simulation data for the environment T
=25°C and RH = 60%. This comparison aimed to evaluate the accuracy of the algorithm in pre-
dicting the drying curves. Figure 122 shows the results of the algorithm (the green line represents
the linear phase of the drying process, the blue curve represents the exponential phase, and the

red points represent the true data, obtained in the laboratory tests and by simulation).

Table 50 presents the coefficient of determination (R?) between the values predicted by the algo-
rithm and the true values. Regarding the comparison of the moisture content obtained from the
simulation data in WUFI (25°C and 60%), the curves generated by the algorithm showed excellent
agreement with them with a high R? value. The linear phase accurately captured the initial drying
behaviour, while the exponential phase effectively described the approach to equilibrium moisture

content. Minor discrepancies were identified.

The comparison of the algorithm with the results from the laboratory tests (25°C and 60%) also
showed a good correlation, though with a slightly lower R? than the simulation data. In the linear
phase, the experimental points are closely aligned with the predicted straight line. In the expo-
nential phase, the predicted curve follows the same trend as the measurements, but it deviates
more than the simulation results. This probably occurred because, in the laboratory tests, the exact
duration of the first drying phase could not be identified with high precision since no measure-
ments were made between the 8™ and the 24™ hour of the drying process (at night/dawn). In the
example of Figure 122 (b), it was assumed that the first drying phase ended within 8 hours, but if
the duration of the first drying phase was set as 24 hours, the algorithm would plot the curve

shown in Figure 123, presenting a better adjustment regarding the real measurements (the R? value

would be 0.985).
Table 50 — Coefficient of determination (R?) between the values predicted by the algorithm and the
true values
Scenario R?
25°C, 60% RH simulation 0.959
25°C, 60% laboratory test 0.868
20°C, 70% laboratory test 0.925
15°C, 80% laboratory test 0.970
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Figure 122 — Comparison between the algorithm results and the simulation and laboratory tests: (a) 25°C, 60% RH simulation; (b) 25°C, 60% laboratory test; (c) 20°C, 70%
laboratory test; (d) 15°C, 80% laboratory test
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The comparison between the results of the algorithm and the data from the laboratory tests with 20°C
and 70% Figure 122 (c) showed that the algorithm presents a slower drying behaviour, as the moisture
content reduced faster in the laboratory test, but the R value showed a strong correlation. The difference
between the algorithm's predictions and the moisture content values measured in the laboratory tests
also might have happened due to the lack of measurements between 30 and 102 hours. Under the coldest
and most humid condition (15°C and 80%), the algorithm's predictions closely followed the experi-

mental points, with an R? value close to 1.
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Figure 123 — Comparison between the curves plotted by the algorithm and the results from laboratory test in
T=25°C and RH of 60% considering 24 hours of duration of the 1t drying phase

In general, the algorithm consistently provided curves that closely matched the experimental and simu-
lated data across all scenarios. The linear phase was perfectly represented in the algorithm, and the
exponential phase presented some discrepancies but, nevertheless, represented accurately the moisture
content curve. The algorithm traduces the physical behaviour of the drying process across different
phases and environmental conditions. Future enhancements, such expanding tested materials and exper-
imental datasets, could further improve its performance. The guidelines for applying the models and the
methodology presented in this work in a practical moisture diagnosis situation is presented in the fol-

lowing Section.

5.5. GUIDELINES FOR APPLYING THE MOISTURE PREDICTION MODELS

Infrared thermography (IRT) has proven to be an effective, non-destructive tool for assessing moisture
content in building elements. This Section provides guidelines for applying the moisture prediction
models developed in this work to a practical situation of moisture inspection with IRT. The methodology
presented in Figure 124 follows a structured decision-making process, ensuring that the obtained results

are reliable and applicable under different conditions.
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The first step in conducting an inspection using IRT is to capture a thermal image of the target wall. If
the material composition is similar to the mortar analysed in this study and the environmental conditions
are stable, the algorithms presented in this thesis can be directly applied. These algorithms correlate the
thermal gradient with the corresponding moisture content, allowing the identification of moisture distri-

bution across the inspected wall.

The algorithms were developed for a material initially saturated. In some building inspection situations,
it is not possible to know if the material was initially saturated. However, as shown in Figure 40, Figure
80, and Figure 84, the correlation curve between ATsurmce and the moisture content for the materials that
are not initially saturated does not deviate much from the ones initially saturated (especially for mortar
— see Figure 40 (d)), except for concrete. For this reason, it might be reasonable to apply the algorithm

to predict the moisture content even for materials initially non-saturated.

An example of the application of the algorithms is shown in Figure 124. For an inspection of masonry
rendered with mortar in an environment with a temperature of 25°C and a relative humidity of 60% in
which the maximum thermal gradient identified with IRT is 2.0°C, the application of Algorithm 1 —
Model I will show that the maximum possible thermal gradient for that environment and that material
is 2.8°C. Additionally, Algorithm 1 — Model II will calculate that the moisture content for the thermal
gradient of 2.0°C (considering that the thermal gradient has a decreasing curve at the moment of the
inspection) is 75 kg/m*. Based on the moisture storage function, it is possible to compare the moisture
content of 75 kg/m? with the equilibrium moisture content for that environment (14 kg/m?) to understand
how moist the wall is. After that, Algorithms 2 and 3 can also be applied to generate a moisture map to

identify the moisture content of each pixel of the wall.

The drying process can also be monitored with IRT to analyse the evolution of the thermal gradient over
time. This data should be compared to the results from the simulation (Appendix 8) to identify in which
part of the drying process the material is. The algorithm presented in Appendix 9 enables the user to
select one of the combinations of temperature and relative humidity of the air used in the simulations to
visualise the curve of the ATsurfce over time (Figure 125). This approach enables the estimation of the

drying time under specific environmental conditions.
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Figure 125 — Algorithm for selecting a combination of temperature and relative of the air to plot the curve of the
ATsurface over time

Additionally, for an initially saturated wall scenario, it is possible to use IRT to monitor the whole drying
process and identify the duration of the different drying phases. With these values, the algorithm based
on the building physics principles can be applied to plot the moisture profile throughout the drying
process. This might be useful for visualising the moisture behaviour during the drying process after the
wall is dry. However, it can also be used to monitor multiple walls made of the same material (since the
drying behaviour will already be known) or to use a destructive test to identify the moisture content at

some point in the second drying phase and then predict the drying time.

If the material of the wall under study is not a mortar similar to the one analysed in this work or the
environmental conditions vary during the drying process, additional steps must be undertaken before
applying the developed models. This involves conducting laboratory tests with samples of the material
to determine key material properties such as emissivity, water vapour permeability, capillary water ab-
sorption, moisture storage function, thermal conductivity, and pore size distribution. Additionally, the
drying process should be monitored using both IRT and gravimetric methods. These data should then
be used to perform numerical simulations replicating the moisture transfer process in the specific mate-

rial under study.

Once the material properties and drying behaviour are well understood, the obtained data can be inte-
grated into the machine learning models to retrain them for the new dataset. This ensures that the pre-
diction algorithms remain accurate for different materials and environmental conditions. Following this

adaptation, the step-by-step methodology established for mortar walls can be applied to the newly
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studied material, enabling the generation of moisture maps and the identification of the drying behaviour
in a reliable manner. Through this approach, the use of IRT for moisture inspection becomes adaptable

and applicable to a wide range of building materials and scenarios.

It is worth noting that the application of IRT for monitoring moisture is more suited for highly porous
building materials, as presented in this thesis. In materials such as concrete, it will be possible to identify
the moisture content only down to a few millimetres below the surface since IRT cannot identify a very

low drying rate of the internal moisture.

5.6. FINAL REMARKS

The development and testing of the moisture prediction models using of machine learning techniques
and building physics principles proved to be a step forward in understanding and predicting the drying
behaviour of building materials using IRT. The final algorithms were designed and refined based on
findings from previous steps, culminating in robust and reliable tools for diagnosing moisture behaviour

under different conditions.

The machine learning-based moisture prediction model used hygrothermal simulation data and experi-
mental results to provide accurate predictions of moisture content, fine-tuned for mortar. Despite some
limitations, such as the small size of experimental datasets, the machine learning model successfully
predicted moisture content and maximum thermal gradients during the drying process. This model
shows promise for further refinement and applications to a broader range of materials, contributing to
an advance in non-destructive testing methods and more effective diagnostics in moisture-related de-

fects.

The algorithm based on building physics principles proved to be an effective tool for modelling the two
drying phases—Ilinear and exponential—of mortar. This algorithm requires some material properties
(capillary moisture content, critical moisture content, and equilibrium moisture content) and the obser-
vation of the drying process with IRT. Comparisons with experimental and simulated data validated the
algorithm's reliability. The linear phase was accurately predicted, and while minor discrepancies were
observed in the exponential phase, they did not compromise the model's overall performance. The meth-

odology shows potential applications beyond mortar to a variety of building materials.

Future work should focus on enhancing the algorithm based on machine learning by incorporating dy-
namic environmental boundary conditions and expanding its application to other material types and wall
thicknesses. Regarding the model based on the building physics principle, it should be tested for differ-
ent materials in more environmental conditions. Additionally, reducing the time intervals between meas-
urements of the experimental tests, especially between drying phases, would further improve the analy-

sis of the model's performance.
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Furthermore, continued efforts are needed to explore other machine learning models, such as Recurrent
Neural Networks of the LSTM type, which are appropriate for analysing time-series data and can be
used to deal with data of surface temperature variation according to time. This way, it may facilitate the
model’s generalised use in different scenarios and enable an assertive diagnosis of the moisture content
in walls. Future perspectives also include using computer vision techniques with machine learning mod-

els to automate the identification of moisture and classify the walls based on the risk of moisture damage.
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6

CONCLUSIONS

This thesis advances the understanding of how infrared thermography (IRT) can be used to diagnose
moisture in building materials by correlating surface temperature variations with moisture content. The
developed algorithms are a reliable way of identifying the moisture content of certain building materials
in different steady environmental conditions. Additionally, future studies can extend this methodology
to other materials and explore its applicability in dynamic environmental conditions, considering factors

such as solar incidence and wind.

The state-of-the-art review enabled an understanding of the complexities involved in moisture transport
and its implications for the durability and comfort of building materials and structures. The review high-
lighted critical aspects of the hygrothermal behaviour, presenting the different phases in the humidifi-
cation and drying process and how the changes in the moisture content affect the surface temperature of
the materials. Chapter 2 presented that moisture may cause anomalies mainly due to salt crystallisation
and mould growth, and the damage caused by them will be influenced by environmental conditions,
such as temperature and relative of the air, the existence and type of salts, and the amount of moisture
and its evolution over time. Therefore, it is important to identify the level of moisture and the moisture
evolution over time to analyse the drying process and check if there is a risk of moisture-related damage.
In this way, the review provided a comprehensive analysis of NDT and machine learning applications
for defect diagnosis, presenting the most suited approach for studying the correlation between the ther-

mal gradient and the moisture content.
The main results obtained from laboratory tests and simulation are summarised below:

e The regression analysis performed to understand the correlation between the thermal gradient
and the moisture content showed better performance in the quadratic model. The following
coefficients of determination (R?) were obtained in the laboratory tests under free-running con-
ditions: 0.881, 0.824, 0.625, 0.789, and 0.627 for clay brick, limestone, granite, mortar, and
concrete. Under controlled laboratory conditions, the coefficient of determination for mortar

varied from 0.733 to 0.934 in the three scenarios tested.
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The maximum thermal gradient (ATsurfacemax) Was similar for specimens with the highest and
intermediate initial moisture content for clay brick, limestone, mortar and concrete tested in the
experimental campaign. The simulation results showed that the ATurfacemax 1S related to the dif-
ference between the saturation vapour pressure at the surface subtracted from the vapour pres-
sure of the air (R? close to 1). Despite initially different, the moisture content in both situations
(HMC and IMC) is high, and this probably led to a saturated surface, leading to a similar max-
imum thermal gradient (in clay brick simulation results, the surface was saturated for initial
moisture contents higher than 60% of the maximum moisture content and in all these situations
the maximum thermal gradient was the same). In this context, the value of the maximum ther-
mal gradient achieved can indicate if the surface is saturated.

The time required to reduce the thermal gradient shows the moisture content level of the mate-
rial. Specimens with higher initial moisture content required more time for the thermal gradient
to reduce than specimens with intermediate moisture content. This happened because of the
longer duration of the first phase of the drying process in specimens with higher moisture con-
tent (characterised by an approximately constant evaporation rate density, when capillary con-
duction is the main form of transport).

The evaporation rate density exhibited a sharp decline at roughly the same moment that the
surface thermal gradient reduced sharply. Hence, the reduction of the thermal gradient indicates
that the material is starting the second drying phase (with a lower evaporation rate and an ex-
ponentially decreasing moisture content curve).

The coefficient of determination between the thermal gradient and the moisture content in the
second drying phase was 0.975, 0.974, and 0.988 for a linear model in scenario I (20°C and
70% RH), scenario 11 (25°C and 60% RH), and scenario III (15°C and 80% RH), respectively.
These results show that IRT can be used to identify the duration of the first drying phase, after
which linear equations can be reliably applied to identify the moisture content due to the strong
correlation between the variables.

The simulations showed that in clay bricks, the thermal gradient remains approximately con-
stant when the moisture content is from 6.0 to 12.0%. Below this value, it sharply reduces. As
for limestone, this sharp reduction was observed when the moisture content was below 1.0%.
The simulations showed a coefficient of determination between the thermal gradient and the
moisture content of 0.916 for clay brick and 0.909 for limestone.

The data analysis of the simulation results showed that each environmental condition and ma-
terial presented a specific downward curve for the correlation between the moisture content
and the thermal gradient during the drying phase (Figure 91). This occurs because the ATsurface
is affected by the evaporation process at the material's surface, which in turn is shaped by fac-

tors such as the material's pore size distribution and the surrounding environmental conditions.
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e The comparison between laboratory tests and simulation results portrayed some similarities but

with a difference in the maximum thermal gradient achieved.

Laboratory tests and simulations demonstrated a consistent correlation between surface thermal gradi-
ents and moisture content. The findings revealed that each material exhibits a distinct thermal behaviour
during the drying process, emphasising that drying characteristics are strongly influenced by the specific
properties of each material, particularly porosity. Materials with lower porosity, such as concrete and
granite, showed weaker correlations between thermal gradients and moisture content, while limestone,
clay brick, and mortar presented higher coefficients of correlation. These tests confirmed that each ma-
terial and environmental condition requires specific regression models, as variations in equations were
significant across scenarios. Although quadratic models demonstrated good correlation within environ-
mentally controlled settings and linear models demonstrated good correlation in the second drying

phase, their applicability was limited to specific materials, thicknesses, and environmental conditions.

The machine learning (ML) models developed in this thesis significantly expanded the scope of moisture
content identification. These innovative models demonstrated the ability to adapt to various environ-
mental conditions, with different air temperature and relative humidity levels, and account for various
materials. By integrating datasets obtained with simulation and laboratory tests, the machine learning
approach provided a more versatile and robust tool for predicting moisture content in variable scenarios.

The summarised main results are presented:

e Preliminary models trained with simulation data predicted the moisture content and AT surfacemax
in clay brick, limestone, granite, and concrete. The Neural Network (NN) developed to predict
the ATsurfacemax (Model I) showed the R? of 0.999. The R? of 0.957 was found for the NN model
that predicts the moisture content (Model II). The application of the developed models in envi-
ronmental conditions that are common in real applications demonstrated that the preliminary
model accurately detected the moisture content in clay brick and granite. For concrete, the
models could only identify moisture when the surface was moist, as internal moisture did not
produce a detectable thermal gradient. In the case of limestone, the model could identify both
high and intermediate moisture levels.

e The final ML models (§ 5.3), trained with simulation and experimental data, incorporated ad-
ditional algorithms to generate a moisture map based on the upload of a thermal image. These
models showed the R? of 0.999 for predicting the ATsurfacemax and the R? of 0.994 for predicting

the moisture content using the random initialisation approach.

These models predicted moisture content based on surface thermal gradients, and their application ex-
tended to creating moisture maps using thermal images. Specifically, models fine-tuned with experi-
mental data for mortar proved particularly effective, offering a reliable tool for visualising moisture

distribution in building materials.
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The state-of-the-art review, the laboratory tests and the simulations demonstrated that the drying process
follows distinct phases: an initial constant evaporation rate, characterised by a linear trend, followed by
a decreasing rate, which adheres to an exponential pattern. The comparison between the evaporation
rate density and the thermal gradient variation showed that IRT has a good potential to identify the
duration of the different drying phases. Based on that, an algorithm grounded in building physics prin-
ciples was developed to plot the moisture curve during the drying phase, which was successfully vali-
dated with laboratory tests and simulation results, achieving an R? varying from 0.868 to 0.959. This
model is helpful to visualise the moisture behaviour after the drying process is finished but can also be
used to monitor multiple walls made of the same material (since the drying behaviour will already be
known) or to predict the drying time if a destructive test is performed to identify the moisture content of
some point in the second drying phase (the exponential equation can be found and used to predict the

total drying time).

Although several authors highlighted the difficulty of quantitatively diagnosing moisture with IRT, this
work helped to fill the research gap by demonstrating that machine learning can be applied to identify
the complex patterns of surface temperature and moisture content during the drying process of building
materials. The models created account for the different factors that affect the correlation between mois-

ture and IRT results.

This study contributes significantly to the field in several ways. Methodologically, it introduced an in-
novative combination of destructive and non-destructive techniques, simulations, and machine learning
to develop predictive models that reduce subjectivity in moisture diagnosis. These findings offer insights
for inspecting moisture in buildings and enable more effective preventive maintenance and rehabilitation

strategies.

Nevertheless, the study has some limitations. The models can only be applied to some materials (the
preliminary models can be applied to the simulated clay brick, limestone, granite, and concrete, and the
final models can be applied to the characterised mortar) since the pore size distribution affects the mois-
ture transport behaviour. In some materials, it will be possible to identify the moisture content only
down to a few millimetres below the surface since the drying of the internal moisture content happens
at a very low drying rate, which cannot be identified by IRT. On the other hand, in highly porous mate-

rials, IRT can identify the existence of moisture until the material is almost completely dry.

Although this work presented the impact of different initial moisture contents through laboratory tests
and simulations, the final moisture prediction models only consider materials initially saturated. There-
fore, additional studies should be carried out with other materials to explore the identification of the

moisture content in materials with different initial moisture contents.
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In real-world applications, factors besides temperature and relative humidity may affect surface temper-
ature behaviour. Besides that, the environmental conditions usually happen in a dynamic way, and the
models assumed a steady environmental condition. However, the methodology presented in this work

can be applied to predict the moisture content in any other scenario, including a dynamic one.

Future research should explore more varied and unpredictable scenarios to enhance model robustness.
Additionally, while the focus on materials like clay brick, mortar, and limestone provided significant
insights, further investigation is needed for materials such as concrete and granite (high quantity of pores

with small size).

Future studies should also focus on exploring alternative machine learning models, such as Long Short-
Term Memory (LSTM) Recurrent Neural Networks, which are well-suited for analysing time-series data
and could effectively handle variations in surface temperature over time. This approach could enhance
the generalizability of the models across diverse scenarios, enabling more accurate moisture content
diagnosis in walls. Additionally, future work should consider integrating computer vision techniques
with machine learning to automate moisture identification and classify walls based on their risk of mois-

ture damage.

In addition, the research opens avenues for future exploration, particularly in integrating these algo-
rithms into real-time diagnosis, especially with the use of drones or robots equipped with thermal imag-

ing sensors for automated building inspections.

Finally, this research contributes to more precise and sustainable approaches to managing moisture in
buildings, supporting enhanced durability, occupant comfort, and overall structural performance. These

findings provide a foundation for continued innovation in building diagnosis and preservation.
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APPENDIX 1

t0 — Oh — Luz ligada

t1 — 30min — Luz ligada

t0 — Oh — Luz desligada

t1 — 30min — Luz desligada

t0 — Oh — Imagem digital
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t2 — 1h — Imagem digital
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t6 — 24h — Luz ligada
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APPENDIX 2

Analysis of regression models for measurements taken after obtaining the maximum
thermal gradient

e Brick specimens — measurements taken after 48 hours

Table - R2 values and parameter estimates for each regression model — brick

Parameters estimation

Model R2 Constant bl b2
Linear 0.827 0.195 0.221

Logaritmic 0.898 -0.535 1.374

Quadratic 0.959 -0.757 0.591 -0.021

@ Observado
= Lin&ar

==+ Logaritmico
= ° = «Quadrilico
=—crPolEncia

AT[C]

"o 5,00 10,00 15,00 20,00

umg [kg/kg x 100]

Figure - Curves of regression models - brick

e Limestone specimens — measurements taken after 2 hours

Table - R? values and parameter estimates for each regression model — limestone

Parameters estimation

Model R2 Constant bl b2
Linear 0.766 0.351 0.667
Logaritmic 0.978 2.299 0.695

Quadratic 0.957 0.081 1.820 -0.211




AT[C]

10

00

2,00 4,00 6,00

umg [kglkg x 100]

Figure - Curves of regression models - limestone

@ Observado
= Linear
==+ Logaritmico
= *Quadratico
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14/04/23, 11:41 Oficial Delta T - THE ONE - 3 inputs, 1 output, Functional model API (Keras), test_size=0,2, 3HL, ReLU, 100 epochs, EarlySto...

import numpy as np

import pandas as pd

import seaborn as sns

from matplotlib import pyplot as plt

df = pd.read_excel('datasetneuralnetworks.xlsx"')

# VISUALIZAR A DISTRIBUICAO DOS VALORES DE ATmax, Humidade, Teor de Humidade e AT |

df

4641

4642

4643

4644

4645

Material

Temperature Relative Humidity Atmax
[°Cl [%] [°cl
6.99619 53.7301 2.376
6.99619 53.7301 2.376
6.99619 53.7301 2.376
6.99619 53.7301 2.376
6.99619 53.7301 2.376
19.59770 59.2467 0.376
19.59770 59.2467 0.376
19.59770 59.2467 0.376
19.59770 59.2467 0.376
19.59770 59.2467 0.376

4646 rows x 6 columns

from
from
from
from
from
from
from
from
from

keras.models import Model
keras.layers import Dense, Input
keras.wrappers.scikit_learn import KerasRegressor

sklearn.
sklearn.
sklearn.
sklearn.
sklearn.

model selection import cross_val score
model selection import KFold

pipeline import Pipeline

model selection import train_test_split
metrics import r2_score

tensorflow.keras.callbacks import EarlyStopping

# SEPARAR INPUTS DOS OUTPUTS

< < X
n n n

df.drop([ 'Atmax [°C]', 'Humidity [kg/m3]', "AT [°C]'], axis=1)
df.drop([ ‘Material', 'Temperature [°C]', 'Relative Humidity [%]"',

y.values

# numero de dados de treinamento
m = X.shape[9]

X_train, X_test, y_train, y test = train_test_split(X, y, test_size = 0.2, random_

# Scale data, otherwise model will fail
# Standardize features by removing the mean and scaling to unit variance
from sklearn.preprocessing import MinMaxScaler
scaler = MinMaxScaler()

localhost:8888/nbconvert/html/Desktop/Neural Network Article - Oficial/Oficial Delta T - THE ONE - 3 inputs%2C 1 output%2C Functional model ...

AT [°C]

0.000000
1.929128
2.376436
2.317941

2.256899

0.046678
0.036932
0.027231
0.018430

0.010635

Humidity
[kg/m?]

237.600010
233.649250
221.900300
164.249420

145.193510

13.039567
11.091906
9.376396
8.182526

7.453972

AT [oc),

113
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scaler.fit(X)

X_train_scaled = scaler.transform(X_train)
X_test_scaled = scaler.transform(X_test)
X_train_scaled

array([[1. , ©.99083513, 0.1878412 ],
(0. , ©.09097281, 0.0871127 ],
[0.66666667, 0.77492025, ©. 1,
e,
[0.66666667, 0.35558569, 0.42422863],
[1. , 1. , 0.26969637],
(0. , 0.18888058, 0.26118552]])

# Define the model
# Experiment with deeper and wider networks

#Start defining the input tensor:
inpTensor = Input(shape= (3,))

#create the lLayers and pass them the input tensor to get the output tensor:
hiddenlOut = Dense(128, activation='relu')(inpTensor)

hidden20ut = Dense(64, activation='relu')(hiddenlOut)

finalOut = Dense(l, activation='relu')(hidden20ut)

#define the model 's start and end points
model = Model(inpTensor,finalOut)

model.summary ()
model.compile(loss="mean_squared error', optimizer='adam', metrics=['mae'])

Model: "model™"

Layer (type) Output Shape Param #
Cinput 1 (Inputlayer)  [(Nere, 3] e
dense (Dense) (None, 128) 512
dense_1 (Dense) (None, 64) 8256
dense_2 (Dense) (None, 1) 65

Total params: 8,833
Trainable params: 8,833
Non-trainable params: ©

monitor

EarlyStopping(monitor="val loss', min_delta=1e-3, patience=20, verbose=1

history = model.fit(X_train_scaled, y_train, validation_split=0.1, epochs=300, cal

localhost:8888/nbconvert/html/Desktop/Neural Network Article - Oficial/Oficial Delta T - THE ONE - 3 inputs%2C 1 output%2C Functional model ... 2/13
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Oficial Delta T - THE ONE - 3 inputs, 1 output, Functional model API (Keras), test_size=0,2, 3HL, ReLU, 100 epochs, EarlySto...

Epoch 1/300

105/195 [==============================]
1 - val_loss: 1.
Epoch 2/300
105/105 [==============================]
7 - val_loss: 0.
Epoch 3/300
105/105 [==============================]
7 - val_loss: @.
Epoch 4/300
105/105 [==============================]
1 - val_loss: o@.
Epoch 5/300
105/105 [==============================]
6 - val loss: @.
Epoch 6/300
195/105 [==============================]
@ - val loss: o.
Epoch 7/300
105/1@5 [==============================]
5 - val_loss: @.
Epoch 8/300
105/105 [==============================]
8 - val_loss: o@.
Epoch 9/300
105/105 [==============================]
5 - val_loss: @.
Epoch 10/300
105/105 [==============================]
9 - val _loss: @.
Epoch 11/300
105/105 [==============================]
3 - val_loss: o@.
Epoch 12/300
105/1@5 [==============================]
4 - val_loss: O.
Epoch 13/300
105/105 [==============================
6 - val _loss: 0.
Epoch 14/300
105/105 [==============================]
0.0216 - val loss: 8.
Epoch 15/300

105/105 [==============================]
0.0191 - val_loss: 6.
Epoch 16/300

105/105 [==============================]
0.0176 - val_loss: 8.
Epoch 17/300

105/105 [==============================]
0.0150 - val loss: 5.
Epoch 18/300

195/105 [==============================]
0.0139 - val loss: 4.
Epoch 19/300

165/105 [==============================]
0.0136 - val_loss: 4.
Epoch 20/300

105/105 [==============================]
0.0131 - val_loss: 3.
Epoch 21/300

105/105 [==============================]
0.0138 - val_loss: 4.2823e-04 - val_mae:
Epoch 22/300

. 0.

. 0.

Q.

Q.

0.

Q.

Q.

1s 3ms/step

@s 1ms/step

0s 1ms/step

0s 1ms/step

0s 1ms/step

0s 2ms/step

@s 1ms/step

0s 2ms/step

0s 1ms/step

0s 2ms/step

0s 2ms/step

0s 1ms/step

0s 2ms/step

Os 1ms/step
0212

0s 1ms/step
0187

0s 1ms/step

.0208

0s 1ms/step
0169

0s 1ms/step
0167

0s 1ms/step
0174

@s 1ms/step
0136

0s 1ms/step
0158

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

1.4039 - mae: 0.914
0.8347 - mae: 0.692
0.6691 - mae: 0.584
0.4998 - mae: 0.475
0.2897 - mae: 0.338
0.1416 - mae: 0.246
0.0594 - mae: 0.163
0.0199 - mae: 0.091
0.0075 - mae: 0.058
0.0038 - mae: 0.042
0.0023 - mae: 0.034
0.0016 - mae: 0.028
0.0012 - mae: 0.024
8.9817e-04 - mae:
7.1107e-04 - mae:
5.8415e-04 - mae:
4.3400e-04 - mae:
3.7857e-04 - mae:
3.4633e-04 - mae:
3.1083e-04 - mae:
3.2618e-04 - mae:
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105/105 [==============================] - @S 1lms/step - loss: 2.6729e-04 - mae:
0.0123 - val loss: 2.3402e-04 - val _mae: 0.0106

Epoch 23/300

105/105 [==============================] - 0s 1lms/step - loss: 2.0177e-04 - mae:
0.0106 - val loss: 2.2826e-04 - val mae: 0.0109

Epoch 24/300

105/105 [==============================] - 0s 1lms/step - loss: 2.2862e-04 - mae:
0.0115 - val_loss: 1.8871e-04 - val_mae: 0.0102

Epoch 25/300

105/105 [==============================] - 0s 1Ims/step - loss: 2.1175e-04 - mae:
0.0111 - val_loss: 2.5008e-04 - val _mae: 0.0123

Epoch 26/300

105/105 [==============================] - 0s 1lms/step - loss: 2.0913e-04 - mae:
0.0109 - val loss: 3.4035e-04 - val _mae: 0.0143

Epoch 27/300

105/105 [==============================] - 0s 1lms/step - loss: 1.6727e-04 - mae:
0.0097 - val _loss: 2.2788e-04 - val mae: 0.0121

Epoch 28/300

105/105 [==============================] - 0s 1lms/step - loss: 1.6017e-04 - mae:
0.0096 - val loss: 1.4665e-04 - val mae: 0.0084

Epoch 29/300

105/105 [==============================] - 0s 1lms/step - loss: 1.4350e-04 - mae:
0.0092 - val_loss: 1.4410e-04 - val_mae: 0.0086

Epoch 30/300

105/105 [==============================] - 0s 1lms/step - loss: 2.3465e-04 - mae:
0.0117 - val_loss: 2.4588e-04 - val_mae: 0.0124

Epoch 31/300

105/105 [==============================] - 0s 1lms/step - loss: 1.7634e-04 - mae:
0.0103 - val_loss: 1.5679e-04 - val_mae: 0.0094

Epoch 32/300

105/105 [==============================] - 0s 1lms/step - loss: 1.6043e-04 - mae:
0.0098 - val loss: 9.0875e-05 - val _mae: 0.0069

Epoch 33/300

105/105 [==============================] - 0s 1lms/step - loss: 1.5783e-04 - mae:
0.0095 - val loss: 1.3686e-04 - val mae: 0.0089

Epoch 34/300

105/105 [==============================] - 0s 1lms/step - loss: 1.3170e-04 - mae:
0.0088 - val loss: 1.3743e-04 - val mae: 0.0088

Epoch 35/300

105/105 [==============================] - 0s 1lms/step - loss: 2.7627e-04 - mae:
0.0129 - val loss: 1.2390e-04 - val mae: 0.0088

Epoch 36/300

105/105 [==============================] - 0s 1Ims/step
0.0108 - val_loss: 1.5565e-04 - val_mae: 0.0097

Epoch 37/300

loss: 1.9347e-04 - mae:

52/105 [=============>....0000eeecncns ] - ETA: @s - loss: 1.3549e-04 - mae: 0.009
2Restoring model weights from the end of the best epoch: 17.
105/105 [==============================] - 0s 1lms/step - loss: 1.1437e-04 - mae:

0.0083 - val loss: 8.8174e-05 - val_mae: 0.0067
Epoch 37: early stopping

# plot the training and validation accuracy and lLoss at each epoch

loss = history.history['loss"']

val_loss = history.history['val loss']

epochs = range(1l, len(loss) + 1)

plt.plot (epochs, loss, 'y', label = 'Training loss"')
plt.plot (epochs, val loss, 'r', label='Validation loss"')
plt.title('Training and validation loss')

plt.xlabel ('Epochs')

plt.ylabel('Loss")

plt.legend()

plt.show()
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acc

= history.history[ 'mae’]

val_acc = history.history['val_mae']

plt.
plt.
plt.
plt.
plt.
plt.
plt.

Loss
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plot (epochs, acc, 'y', label = 'Training MAE")
plot (epochs, val acc, 'r', label='Validation MAE")
title('Training and validation MAE')

xlabel ('Epochs')

ylabel('MAE")

legend()

show()

Training and validation loss

1.4

1.2 1

1.0

0.8

0.6

0.4

0.2 1

Training loss

— Validation loss

0.0
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Training and validation MAE

Training MAE
—— Validation MAE
0.8 1
0.6 1
:

0.4
0.2 1
0.0 1

! ! ! ! ! ! ! !

0 5 10 15 20 25 30 35

Epochs

# Predict on test data

predictions = model.predict(X_test_scaled[:])
print("Predicted values are: ", predictions[:5])
print("Real values are: ", y test[:5])

30/30 [==============================] - @s 966us/step
Predicted values are: [[©0.55283284]

[0.85236317]

[2.6567783 ]

[2.1674252 ]

[0.19885041]]
Real values are: [[0.563]

[0.843]

[2.685]

[2.19 ]

[e.2 1]

testando [1, 25.0, 60.0]

testando = np.array(testando)

testando= testando.reshape(1, -1)
testandonormalizado = scaler.transform(testando)

predictions2 = model.predict(testandonormalizado)
print("Predicted: ", predictions2)
print("Real value: Delta T max = 4,13°C")

1/1 [==============================] - es 16ms/step
Predicted: [[4.279244]]
Real value: Delta T max = 4,13°C

C:\Users\Lenovo\anaconda3\1lib\site-packages\sklearn\base.py:450: UserWarning: X do
es not have valid feature names, but MinMaxScaler was fitted with feature names
warnings.warn(
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14/04/23, 11:41 Oficial Delta T - THE ONE - 3 inputs, 1 output, Functional model API (Keras), test_size=0,2, 3HL, ReLU, 100 epochs, EarlySto...
# Runs model with 1its current weights on the training and testing data

y_train_pred = model.predict(X_train_scaled)
y_test pred = model.predict(X_test scaled)

# X _test - 1input de teste
# X_train - input de treino

# y test pred - output de teste previsto
# y test - output de teste real

# Calculates and prints r2 score of training and testing data
print('R2 score train:', r2_score(y_train, y train_pred))
print('R2 score test:', r2_score(y_test, y test pred))

r2nn = r2_score(y_test, y_test_pred)

r2nn
117/117 [=========================== ===] - O@s 1lms/step
39/3@ [==============================] - es 1ms/s‘tep

R2 score train: 0.9997102862081199
R2 score test: 0.9996388616642997
0.9996388616642997

X
y

y_test.flatten()
y_test_pred.flatten()

#create scatterplot

plt.scatter(x, y, s=10, color='b")
plt.xlabel('True values"')
plt.ylabel('Predicted values')

#calculate equation for trendline
z = np.polyfit(x, y, 1)
p = np.polyld(z)

#add trendline to plot
plt.plot(x, p(x), color="k', linewidth=0.5)

[<matplotlib.lines.Line2D at 0x1e460f86340>]
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Oficial Delta T - THE ONE - 3 inputs, 1 output, Functional model API (Keras), test_size=0,2, 3HL, ReLU, 100 epochs, EarlySto...

L
1

Predicted values
(%]
1

0 1 2
True values

X
y

y_train.flatten()
y_train_pred.flatten()

#create scatterplot

plt.scatter(x, y, s=10, color='b")
plt.xlabel('True values')
plt.ylabel('Predicted values"')

#calculate equation for trendline
z = np.polyfit(x, y, 1)
p = np.polyld(z)

#add trendline to plot
plt.plot(x, p(x), color="k', linewidth=0.5)

[<matplotlib.lines.Line2D at ©x1e460f5al60> ]
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Predicted values

0 1 2 3 4
True values

# Comparison with other models

# Neural network - from the current code

from sklearn.metrics import mean_absolute_percentage_error

# outra forma de achar o MAPE com o sklearn: error = mean_absolute_percentage_erro

def mape(y_test, pred):
y_test, pred = np.array(y_test), np.array(pred)
mape = np.mean(np.abs((y_test - pred) / y_test))
return mape

mse_neural, mae_neural = model.evaluate(X_ test_scaled, y_test)
mapeNN = mape(y_test, y_test_pred)

print('Mean squared error from neural net: ', mse_neural)
print('Mean absolute error from neural net: ', mae_neural)

print('Mean absolute percentage error from neural net (MAPE): ', mapeNN)

rmse = np.sqrt(mse_neural)

rmse

30/30 [==============================] - @S 1ms/step - loss: 5.4357e-04 - mae: 0.0
173

Mean squared error from neural net: ©.0005435676430352032

Mean absolute error from neural net: ©0.01732705719769001

Mean absolute percentage error from neural net (MAPE): ©.020773875849882606
0.023314537161076204

# O codigo da Llinha de cima também pode ser escrito assim:
from sklearn import metrics

#predict

pred = model.predict(X_test _scaled)

score = metrics.mean_squared_error(pred,y test)
score
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Oficial Delta T - THE ONE - 3 inputs, 1 output, Functional model API (Keras), test_size=0,2, 3HL, ReLU, 100 epochs, EarlySto...

#quanto menor o mse, melhor

3@/3@ [==============================] - 05 1ms/step
0.0005435678846844039

testando [1, 25.0, 60.0]

testando = np.array(testando)

testando= testando.reshape(1, -1)
testandonormalizado = scaler.fit_transform(testando)

predictions2 = model.predict(testandonormalizado)
print("Predicted: ", predictions2)
print("Real value: Delta T max = 4,13°C")

1/1 [==============================] - Os 25ms/step
Predicted: [[2.4143262]]
Real value: Delta T max = 4,13°C

model.save( 'Neural Network-DeltaTmax')

WARNING:absl:Found untraced functions such as _update_step xla while saving (showi

ng 1 of 1). These functions will not be directly callable after loading.
INFO:tensorflow:Assets written to: Neural Network-DeltaTmax\assets

INFO:tensorflow:Assets written to: Neural Network-DeltaTmax\assets

e

# Linear regression

from sklearn import linear_model

from sklearn.tree import DecisionTreeRegressor

from sklearn.metrics import mean_squared_error, mean_absolute_error

## Linear Regression

1r_model = linear_model.LinearRegression()
1r_model.fit(X_train_scaled, y_train)

y_pred_1r = 1r_model.predict(X_test_scaled)
mse_lr = mean_squared_error(y_test, y pred_1r)
mae_lr = mean_absolute_error(y_test, y pred_lr)
print('Mean squared error from linear regression:
print('Mean absolute error from linear regression:
r2lr = r2_score(y_test, y pred_1r)

print('R2 score test:', r2lr)

, mse_lr)
', mae_1r)

## Decision Tree

tree = DecisionTreeRegressor()

tree.fit(X_train_scaled, y_train)

y_pred_tree = tree.predict(X_test_scaled)

mse_dt = mean_squared_error(y_test, y pred_tree)

mae_dt = mean_absolute_error(y_test, y pred_tree)
print('Mean squared error from Decision Tree: ', mse_dt)
print('Mean absolute error from Decision Tree: ', mae_dt)
r2dt=r2_score(y_test, y_pred_tree)

print('R2 score test:', r2dt )

Mean squared error from linear regression: ©.9073041650691547
Mean absolute error from linear regression: ©.7713692057646364
R2 score test: 0.39720074460020005

Mean squared error from Decision Tree: 5.600929408386973e-31
Mean absolute error from Decision Tree: 4.720387760479513e-16
R2 score test: 1.0

# Sintese das andlises

valores3 = ["NN", "LR", "DT"]
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14/04/23, 11:41 Oficial Delta T - THE ONE - 3 inputs, 1 output, Functional model API (Keras), test_size=0,2, 3HL, ReLU, 100 epochs, EarlySto...

r2 = [r2nn, r2lr, r2dt]
R2 = pd.DataFrame({"Model": valores3, "R2": r2})
R2

Out[32]: Model R2

0 NN 0.999639
1 LR 0.397201

2 DT 1.000000

In [33]: sns.barplot(x="Model", y="R2", data=R2, order = R2.sort_values("R2").Model)

out[33]: <AxesSubplot:xlabel="'Model', ylabel="R2'>

1.0 A

0.8

0.6 1

Model

In [23]: # Sintese das andlises

valoresl

= [IINNII, IILRIIJ IIDTII]
errosl = [ms

e _neural, mse_lr, mse_dt]

MSE = pd.DataFrame({"Model": valoresl, "Mean Squared Error - MSE": errosl})

MSE

Out[23]: Model Mean Squared Error - MSE
0 NN 5.435676e-04
1 LR 9.073042e-01
2 DT 5.600929¢e-31

In [24]: valores2 = ["NN", "LR", "DT"]
erros2 = [mae_neural, mae_lr, mae_dt]
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MAE = pd.DataFrame({"Model": valores2, "Mean Absolute Error - MAE": erros2})
MAE

Model Mean Absolute Error - MAE

0 NN 1.732706e-02
1 LR 7.713692e-01
2 DT 4.720388e-16

sns.barplot(x="Model", y="Mean Squared Error - MSE", data=MSE, order = MSE.sort_va

<AxesSubplot:xlabel="'Model', ylabel='Mean Squared Error - MSE'>

0.8 1
L
u
=
L 0.6 -
=
-
LLi
=]
v
g
3 0.4
uw
=
[13]
1B
=
0.2 1
0.0 T T
DT NN
Model

sns.barplot(x="Model", y="Mean Absolute Error - MAE", data=MAE, order = MAE.sort_v.

<AxesSubplot:xlabel="'Model', ylabel='Mean Absolute Error - MAE'>
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In [28]:

import numpy as np
import pandas as pd

import seaborn as sns
from matplotlib import pyplot as plt

df = pd.read_excel('datasetneuralnetworks.xlsx")

# VISUALIZAR A DISTRIBUICAO DOS VALORES DE ATmax, Humidade, Teor de Humidade e AT PARA (

df

Oout[28]:
. Temperature Relative Humidity Atmax o Humidity
Material °C] [%] °C] AT [°C] [kg/m?]
0 1 6.99619 53.7301 2.376 0.000000 237.600010
1 1 6.99619 53.7301 2.376 1.929128 233.649250
2 1 6.99619 53.7301 2.376 2.376436 221.900300
3 1 6.99619 53.7301 2.376 2.317941 164.249420
4 1 6.99619 53.7301 2.376 2.256899 145.193510
4641 4 19.59770 59.2467 0.376 0.046678 13.039567
4642 4 19.59770 59.2467 0.376 0.036932 11.091906
4643 4 19.59770 59.2467 0.376 0.027231 9.376396
4644 4 19.59770 59.2467 0.376 0.018430 8.182526
4645 4 19.59770 59.2467 0.376 0.010635 7.453972

4646 rows x 6 columns
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In [29]:

from keras.models import Model

from keras.layers import Dense, Input

from keras.wrappers.scikit_learn import KerasRegressor
from sklearn.model selection import cross_val score
from sklearn.model_selection import KFold

from sklearn.pipeline import Pipeline

from sklearn.model_selection import train_test_split
from sklearn.metrics import r2_score

from tensorflow.keras.callbacks import EarlyStopping

# SEPARAR INPUTS DOS OUTPUTS

X = df.drop(['Atmax [°C]', 'Humidity [kg/m3]'], axis=1)
y = df.drop([ 'Material', 'Temperature [°C]', 'Relative Humidity [%]', 'AT [°C]', 'Atmax
y = y.values

# numero de dados de treinamento
m = X.shape[9]

y.shape

Out[29]:

(4646, 1)

In [30]:

X_train, X _test, y train, y test = train_test split(X, y, test size = 0.15, random_state

In [31]:

# Scale data, otherwise model will fail

# Standardize features by removing the mean and scaling to unit variance
from sklearn.preprocessing import MinMaxScaler

scaler = MinMaxScaler()

scaler.fit(X)

X_train_scaled = scaler.transform(X_train)
X _test _scaled = scaler.transform(X_ test)
X_train_scaled

Out[31]:

array([[©. , ©.37472074, 0.44893621, 0.35104862],
[0.33333333, 0.28831427, 0.71788519, 0.03846545],
[0.33333333, 0.69024388, 0.71333883, 0.06378299],

(W)
(W)

(W]
()
(W)

[

e,
[0.66666667, .42422863, 0.42431433],
[1. , 1. , 0.26969637, ©.01132252],
[0. , ©.18888058, 0.26118552, 0.30565923]])

(]
(O]
(O]

.35558569,

=
(W]
(]
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In [32]:

# Define the model
# Experiment with deeper and wider networks

#Start defining the input tensor:
inpTensor = Input(shape= (4,))

#create the Llayers and pass them the input tensor to get the output tensor:
hiddenlOut = Dense(128, activation='relu')(inpTensor)

hidden20ut = Dense(64, activation='relu')(hidden1Out)

hidden30ut = Dense(64, activation='relu')(hidden20ut)

finalOut = Dense(l, activation='relu')(hidden30ut)

#define the model's start and end points
model = Model(inpTensor,finalOut)

model.summary()
model.compile(loss="mean_squared_error', optimizer='adam', metrics=['mae'])

Model: "model 2"

Layer (type) Output Shape Param #
Cinput_3 (Inputlayer)  [(None, 4] o
dense_8 (Dense) (None, 128) 640
dense_9 (Dense) (None, 64) 8256
dense_10 (Dense) (None, 64) 4160
dense_11 (Dense) (None, 1) 65

Total params: 13,121
Trainable params: 13,121
Non-trainable params: @
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In [33]:
monitor = EarlyStopping(monitor='val loss', min_delta=1e-3, patience=40, verbose=1, rest

history

model.fit(X_train_scaled, y_train, validation_split=0.1, epochs=1000, callback

Epoch 1/1000

112/112 [==============================] - 1s 2ms/step - loss: 10413.1
172 - mae: 77.6611 - val_loss: 6102.2847 - val mae: 67.7821

Epoch 2/1000

112/112 [==============================] - 0s 1lms/step - loss: 5452.87
21 - mae: 61.4057 - val_loss: 4333.9805 - val_mae: 54.7417

Epoch 3/1000

112/112 [==============================] - 0s 1lms/step - loss: 4337.26
07 - mae: 52.2654 - val loss: 3708.4016 - val mae: 48.2892

Epoch 4/1000

112/112 [==============================] - 0s 1lms/step - loss: 3913.87
38 - mae: 48.6892 - val loss: 3449.5723 - val mae: 43.5152

Epoch 5/1000

112/112 [==============================] - 0s 1ms/step - loss: 3614.54
44 - mae: 46.4400 - val loss: 3171.5344 - val mae: 43.7014

Epoch 6/1000

112/112 [==============================] - 05 1ms/step - loss: 332@.8@
52 - mae: 44.3718 - val loss: 2936.4243 - val mae: 41.3052
Epoch 7/1000 v

nnnnnnn r L] ~ - o L] ~AAna o~
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In [34]:

# plot the training and validation accuracy and loss at each epoch

loss = history.history['loss']

val loss = history.history['val loss']

epochs =

range(1l, len(loss) + 1)

plt.plot (epochs, loss, 'y', label = 'Training loss')
plt.plot (epochs, val_loss, 'r', label='Validation loss')

plt.title('Training and validation loss')

plt.xlabel ('Epochs")
plt.ylabel('Loss")
plt.legend()
plt.show()

acc = history.history[ 'mae’']

val_acc = history.history['val mae']
plt.plot (epochs, acc,

plt.plot (epochs, val acc,

'y', label = 'Training MAE")
'r', label='Validation MAE")

plt.title('Training and validation MAE')

plt.xlabel ('Epochs")
plt.ylabel( 'MAE")
plt.legend()
plt.show()

Training and validation loss
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Training and validation MAE

80

70 1

60 1

50 A

40 \

MAE

30

20

10 -
# Predidqt on test data

Training MAE
WValidation MAE

T T T T T T
prediction® = modeblpredicti@Qtest_si&led[:] R 00 250
print("Predicted values are: ", predigtdens[:5])
print("Real values are: ", y_test[:5])

22/22 [==============================] - Qs 736us/step
Predicted values are: [[172.97395 ]
[137.71976 ]
[ 24.86063 ]
[ 93.2783 ]
[ 27.421652]]
Real values are: [[158.40907 ]
[217.8 ]
[ 26.267578]
[ 93.826157]
[ 28.193808]]

In [36]:

testando = [1, 25.0, 60.0, 2.0]

testando = np.array(testando)

testando= testando.reshape(l, -1)
testandonormalizado = scaler.transform(testando)

predictions2 = model.predict(testandonormalizado)
print("Predicted: ", predictions2)
print("Real value: Humidade = 110,27 kg/m3")

1/1 [==============================] - es 17mS/Step
Predicted: [[108.72738]]
Real value: Humidade = 110,27 kg/m3

C:\Users\Lenovolanaconda3\lib\site-packages\sklearn\base.py:450: UserWarn
ing: X does not have valid feature names, but MinMaxScaler was fitted wit

h feature names
warnings.warn(
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In [37]:
# Runs model with its current weights on the training and testing data

y_train_pred = model.predict(X_train_scaled)
y_test _pred = model.predict(X test scaled)

# X test - input de teste
# X _train - input de treino

# y test pred - output de teste previsto
# y test - output de teste real

r2nn = r2_score(y_test, y test pred)

# Calculates and prints r2 score of training and testing data
print('R2 score train:', r2_score(y_train, y train_pred))
print('R2 score test:', r2_score(y_test, y test pred))

] - @s 642us/step
22/22 [==============================] - Qs 797us/step
R2 score train: 0.9542800062392629

R2 score test: 0.9471472730735905
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In [38]:

X
y

y_train.flatten()
y_train_pred.flatten()

#create scatterplot

plt.scatter(x, y, s=10, color="b")
plt.xlabel('True values')
plt.ylabel('Predicted values"')

#calculate equation for trendline
z = np.polyfit(x, y, 1)
p = np.polyld(z)

#add trendline to plot
plt.plot(x, p(x), color="k', linewidth=0.5)

Out[38]:

[<matplotlib.lines.Line2D at 0x14564628fa0>]
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In [39]:
x = y_test.flatten()
y = y_test_pred.flatten()

#create scatterplot

plt.scatter(x, y, s=10, color="b")
plt.xlabel('True values')
plt.ylabel('Predicted values"')

#calculate equation for trendline
z = np.polyfit(x, y, 1)
p = np.polyld(z)

#add trendline to plot
plt.plot(x, p(x), color="k', linewidth=0.5)

Out[39]:

[<matplotlib.lines.Line2D at 0x14564676490> ]
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In [40]:

# Comparison with other models
# Neural network - from the current code
from sklearn.metrics import mean_absolute_percentage_error

# outra forma de achar o MAPE com o sklearn: error = mean_absolute _percentage error(y_te

def mape(y_test, pred):
y_test, pred = np.array(y_test), np.array(pred)
mape = np.mean(np.abs((y_test - pred) / y_test))
return mape

mse_neural, mae_neural = model.evaluate(X_test_scaled, y_test)
mapeNN = mape(y_test, y_test_pred)

print('Mean squared error from neural net: ', mse_neural)
print('Mean absolute error from neural net: ', mae_neural)

print('Mean absolute percentage error from neural net (MAPE): ', mapeNN)
rmse = np.sqrt(mse neural)

rmse

22/22 [==============================] - 05 812us/step - loss: 299.9532 -
mae: 6.9852

Mean squared error from neural net: 299.95318603515625

Mean absolute error from neural net: 6.9851861000061035

Mean absolute percentage error from neural net (MAPE): ©.161551190963421
33

out[40]:

17.319156620204005

In [41]:

# 0 codigo da linha de cima também pode ser escrito assim:
from sklearn import metrics

#predict

pred = model.predict(X test scaled)

score = metrics.mean_squared_error(pred,y test)
score

#quanto menor o mse, melhor
22/22 [==============================] - es 527us/step

out[41]:

299.95321693775105
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In [42]:

# CROSS VALIDATION

#define the number of folds for cross-validation

num_folds=3

#create the KFold object with the specified number of folds
kf = KFold(n_splits=num_folds, shuffle=True, random_state=42)

performance_mse
performance_mae

[]
[]

#loop over each fold and train the model

for fold, (train_index, val_index) in enumerate(kf.split(X_train_scaled, y_train)):
print(f"Fold: {fold+1}")

#split the data into training and validation sets for this fold
X_train_fold, X_val_fold = X_train_scaled[train_index], X_train_scaled[val_index]
y train_fold, y val fold = y train[train_index], y_train[val index]

#compile and fit the Keras model on the training data for this fold
model.compile(loss="mean_squared_error', optimizer='adam', metrics=['mae'])
model.fit(X_train_fold, y_train_fold, epochs=300, batch_size=32, verbose=0)

#evaluate the model on the validation data for this fold
mse_neural, mae_neural = model.evaluate(X val fold, y val fold, verbose=0)
print(f"validation loss: {mse_neural}, Validation mae: {mae_neurall}")
performance_mse.append (mse_neural)
performance_mae.append(mae_neural)

print(performance_mse)

print(performance_mae)

def average(x):
return sum(x) / len(x)

average_mse = average(performance_mse)
average_mae = average(performance_mae)
print (f"Average loss = {average mse}")
print (f"Average mae = {average_mae}")

Fold: 1

Validation loss: 375.2769470214844, Validation mae: 6.9731621742248535
Fold: 2

Validation loss: 268.68621826171875, Validation mae: 6.797024250030518
Fold: 3

Validation loss: 350.0904235839844, Validation mae: 5.90806245803833
[375.2769470214844, 268.68621826171875, 350.0904235839844]
[6.9731621742248535, 6.797024250030518, 5.90806245803833]

Average loss = 331.3511962890625

Average mae = 6.5594162940979

In[ ]:

#model . save( 'Neural Network-Humidity')
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In [39]:

HHAHBHBABHHBAB AR AR R R ABA AR B AR AR AR RABABAHH AR AR AR R B AR A AHBABRBHA Y

# Linear regression

from sklearn import linear_model

from sklearn.tree import DecisionTreeRegressor

from sklearn.metrics import mean_squared error, mean_absolute_error, mean_absolute_ perce

def mape(y_test, pred):
y_test, pred = np.array(y_test), np.array(pred)
mape = np.mean(np.abs((y_test - pred) / y_test))
return mape

## Linear Regression

lr_model = linear_model.LinearRegression()
1r_model.fit(X_train_scaled, y_train)

y _pred_lr = 1r_model.predict(X test_scaled)

mse_lr = mean_squared_error(y_test, y pred 1r)

mae_lr = mean_absolute_error(y_test, y pred 1r)

mape_lr = mean_absolute_percentage_error(y_test, y_pred_1r)
print('Mean squared error from linear regression: '
print('Mean absolute error from linear regression:
print ('MAPE LR: ', mape_1lr)

r2lr = r2_score(y_test, y pred _1r)

print('R2 score test:', r2lr)

, mse_1r)
', mae_1r)

Mean squared error from linear regression: 3745.0028008914387
Mean absolute error from linear regression: 48.16810187045629
MAPE LR: 1.0283193287175565

R2 score test: 0.3428575430712575

In [35]:

## Decision Tree

tree = DecisionTreeRegressor()

tree.fit(X_train_scaled, y_train)

y_pred_tree = tree.predict(X test scaled)

mse_dt = mean_squared_error(y_test, y_pred_tree)

mae_dt = mean_absolute_error(y_test, y pred_tree)
print('Mean squared error from Decision Tree: ', mse_dt)
print('Mean absolute error from Decision Tree: ', mae_dt)
mape_tree = mean_absolute_percentage error(y_test, y pred tree)
print ('MAPE Decision Tree: ', mape_tree)
r2dt=r2_score(y_test, y pred_tree)

print('R2 score test:', r2dt )

Mean squared error from Decision Tree: 336.80651587864554
Mean absolute error from Decision Tree: 5.417754178870969
MAPE Decision Tree: ©0.12437585969262024

R2 score test: 0.9408999477112758
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In [45]:
# Sintese das andlises

valores3 = ["NN", "LR", "DT"]
r2 = [r2nn, r2lr, r2dt]

R2 = pd.DataFrame({"Model": valoresl, "R2": r2})
R2

Out[45]:

Model R2

0 NN 0.944772
1 LR 0.342858
2 DT 0.940900

In [48]:
sns.barplot(x="Model", y="R2", data=R2, order = R2.sort_values("R2").Model)

Out[48]:

<AxesSubplot:xlabel="Model', ylabel='R2'>

0.8

0.6

Model
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In [28]:
# Sintese das andlises

valoresl = ["NN", "LR", "DT"]
errosl = [mse_neural, mse_lr, mse_dt]

MSE = pd.DataFrame({"Modelo": valoresl, "Mean Squared Error - MSE": errosl})
MSE

Out[28]:

Modelo Mean Squared Error - MSE

0 NN 314.739136
1 LR 3745.002801
2 DT 340.515701
In [29]:

valores2 = ["NN", "LR", "DT"]
erros2 = [mae_neural, mae_lr, mae_dt]

MAE = pd.DataFrame({"Modelo": valores2, "Mean Absolute Error - MAE": erros2})
MAE

out[29]:

Modelo Mean Absolute Error - MAE

0 NN 7.362904
1 LR 48.168102
2 DT 5.436056
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In [30]:
sns.barplot(x="Modelo", y="Mean Squared Error - MSE", data=MSE, order = MSE.sort_values(

Out[30]:

<AxesSubplot:xlabel="Modelo', ylabel='Mean Squared Error - MSE'>
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In [31]:

sns.barplot(x="Modelo", y="Mean Absolute Error - MAE", data=MAE, order = MAE.sort_values

Out[31]:

<AxesSubplot:xlabel="Modelo', ylabel="'Mean Absolute Error - MAE'>
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In [ ]:

In [ ]:

In [ ]:
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In [1]: import numpy as np
import pandas as pd
import seaborn as sns

from matplotlib import pyplot as plt

df = pd.read_excel('datasetneuralnetworksnoinitialvalues.xlsx")
# VISUALIZAR A DISTRIBUICAO DOS VALORES DE ATmax, Humidade, Teor de Humidade

df
Out[1]: Material Temperature [°C] Relative Humidity [%] Atmax[°C] AT [°C] Humidity [kg/m?]
0 1 6.99619 53.7301 2.376  2.376436 221.900300
1 1 6.99619 53.7301 2.376  2.317941 164.249420
2 1 6.99619 53.7301 2.376  2.256899 145.193510
3 1 6.99619 53.7301 2.376  2.198631 137.497590
4 1 6.99619 53.7301 2.376  2.136100 133.033080
4431 4 19.59770 59.2467 0.376 0.046678 13.039567
4432 4 19.59770 59.2467 0.376 0.036932 11.091906
4433 4 19.59770 59.2467 0.376 0.027231 9.376396
4434 4 19.59770 59.2467 0.376 0.018430 8.182526
4435 4 19.59770 59.2467 0.376 0.010635 7.453972

4436 rows % 6 columns
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In [2]: from keras.models import Model
from keras.layers import Dense, Input
from keras.wrappers.scikit_learn import KerasRegressor
from sklearn.model_selection import cross_val_score
from sklearn.model_selection import KFold
from sklearn.pipeline import Pipeline
from sklearn.model_selection import train_test_split
from sklearn.metrics import r2_score
from tensorflow.keras.callbacks import EarlyStopping

# SEPARAR INPUTS DOS OUTPUTS

X = df.drop(['Atmax [°C]", 'Humidity [kg/m3]"'], axis=1)
y = df.drop(['Material’, 'Temperature [°C]', 'Relative Humidity [%]', 'AT [°C
y = y.values

# numero de dados de treinamento
m = X.shape[©@]

y.shape
Out[2]: (4436, 1)

In [3]: X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.2, ra

In [4]: # Scale data, otherwise model will fail
# Standardize features by removing the mean and scaling to unit variance
from sklearn.preprocessing import MinMaxScaler
scaler = MinMaxScaler()
scaler.fit(X)

X_train_scaled = scaler.transform(X_train)
X_test_scaled = scaler.transform(X_test)
X_train_scaled[3540:3548]

Out[4]: array([[0.66666667, ©.28831427, ©.71788519, 0.04470042],
[0.66666667, 0.1177863 , ©.49563079, ©.21905523],
[1. , ©.59942642, ©.36844133, 0.01389536],
[1. , 0.74568513, ©.22977736, 0.02066164],
[0. , 0.03902761, ©.95329249, 0.03877459],
[0.66666667, 0.69024388, 0.71333883, 0.39267308],
[1. , 0.82436589, ©.54516749, 0.05618227],
[0. , ©.35558569, ©.42422863, 0.27262105]])
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In [5]: # Define the model
# Experiment with deeper and wider networks

#Start defining the input tensor:
inpTensor = Input(shape= (4,))

#create the layers and pass them the input tensor to get the output tensor:
hidden1lOut = Dense(128, activation='relu')(inpTensor)

hidden20ut = Dense(64, activation='relu')(hiddenlOut)

hidden30ut = Dense(64, activation='relu')(hidden20ut)

finalOut = Dense(1l, activation='relu')(hidden30ut)

#define the model's start and end points
model = Model(inpTensor,finalOut)

model. summary ()
model.compile(loss="mean_squared_error', optimizer='adam', metrics=['mae’'])

Model: "model"

Layer (type) Output Shape Param #
Cinput_1 (Inputlayer)  [(None, 41 o
dense (Dense) (None, 128) 640
dense_1 (Dense) (None, 64) 8256
dense_2 (Dense) (None, 64) 4160
dense_3 (Dense) (None, 1) 65

Total params: 13,121
Trainable params: 13,121
Non-trainable params: @
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In [6]: # Apply the EarlyStopping function to prevent overfitting
# Train the model

monitor = EarlyStopping(monitor='val loss', min_delta=1e-3, patience=20, verb

history = model.fit(X_train_scaled, y_train, validation_split=0.1, epochs=500

Epoch 1/500

100/100 [==============================] - 15 4ms/step - loss: 10394.0703
- mae: 76.5536 - val_loss: 5987.9951 - val mae: 65.8683

Epoch 2/500

100/100 [==============================] - Qs 2ms/step - loss: 5391.7251
- mae: 60.8128 - val loss: 4298.4561 - val _mae: 53.0016

Epoch 3/500

100/100 [==============================] - 0s 2ms/step - loss: 4116.3042
- mae: 50.4960 - val_loss: 3439.9019 - val _mae: 44.3449

Epoch 4/500

100/100 [==============================] - Qs 2ms/step - loss: 3305.8574
- mae: 44.5081 - val_loss: 2647.0122 - val_mae: 40.3623

Epoch 5/500

100/100 [==============================] - @S 2ms/step - loss: 2451.6780
- mae: 38.4266 - val_loss: 1831.9553 - val mae: 33.8764

Epoch 6/500

166/1@@ [==============================] - es zms/step - 1055: 1535.7931
- mae: 29.8232 - val loss: 900.7150 - val mae: 21.5721
Epoch 7/500 v

amAtan~n~ T L] N ~ o - ——— ,~ o
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In [7]: # plot the training and validation accuracy and loss at each epoch

loss = history.history['loss"]

val_loss = history.history['val loss']

epochs = range(1l, len(loss) + 1)

plt.plot (epochs, loss, 'y', label = 'Training loss')
plt.plot (epochs, val_loss, 'r', label='Validation loss")
plt.title('Training and validation loss"')

plt.xlabel ('Epochs')

plt.ylabel('Loss")

plt.legend()

plt.show()

acc = history.history[ 'mae’]

val_acc = history.history['val mae']

plt.plot (epochs, acc, 'y', label = 'Training MAE')
plt.plot (epochs, val_acc, 'r', label='Validation MAE")
plt.title('Training and validation MAE')

plt.xlabel ('Epochs'")

plt.ylabel('MAE")

plt.legend()

plt.show()

Training and validation loss
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In [8]: # Predict on test data

predictions = model.predict(X_test_scaled[:])
print("Predicted values are: ", predictions[:5])
print("Real values are: ", y_test[:5])

28/28 [==============================] - 0s 1lms/step
Predicted values are: [[ 26.972477]
[ 81.040215]
[ 27.12572 ]
[ 28.001616]
[181.55351 ]]
Real values are: [[ 27.578331]
[ 81.648003]
[ 28.762997]
[ 28.67828 ]
[167.63528 ]]
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In [9]: # Predict on new data
testando = [1, 25.0, 60.0, 2.0]
testando = np.array(testando)
testando= testando.reshape(1l, -1)
testandonormalizado = scaler.transform(testando)

predictions2 = model.predict(testandonormalizado)
print("Predicted: ", predictions2)
print("Real value: Humidade = 110,27 kg/m3")

1/1 [==============================] - es 24ms/step
Predicted: [[110.34043]]
Real value: Humidade = 110,27 kg/m3

C:\Users\Lenovolanaconda3\lib\site-packages\sklearn\base.py:450: UserWarnin
g: X does not have valid feature names, but MinMaxScaler was fitted with fea
ture names

warnings.warn(

In [38]: # Runs model with 1its current weights on the training and testing data

y_train_pred = model.predict(X_train_scaled)
y_test_pred = model.predict(X_test_scaled)

# X test - 1input de teste
# X _train - input de treino

# y test pred - output de teste previsto
# y test - output de teste real

# Calculates and prints r2 score of training and testing data
print('R2 score train:', r2_score(y_train, y train_pred))

print('R2 score test:', r2_score(y_test, y test_pred))

r2nn = r2_score(y_test, y_test_pred)

r2nn
111/111 [==============================] - es zms/step
28/28 [==============================] - es 1ms/step

R2 score train: ©0.9989513855046238
R2 score test: 0.9985618264131918

Out[38]: ©.9985618264131918
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29/03/23, 16:47 Oficial Humidity - THE ONE - 4 inputs, 1 output, Functional model API (Keras), test_size=0,2, 3HL, ReLU, 300 epochs- no initial val...

In [11]: x
y

y_test.flatten()
y_test_pred.flatten()

#create scatterplot

plt.scatter(x, y, s=10, color='b")
plt.xlabel('True values')
plt.ylabel('Predicted values')

#calculate equation for trendline
z = np.polyfit(x, y, 1)
p = np.polyld(z)

#add trendline to plot
plt.plot(x, p(x), color="k', linewidth=0.5)

Out[11]: [<matplotlib.lines.Line2D at ©x2f4b@89acde>]
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29/03/23, 16:47 Oficial Humidity - THE ONE - 4 inputs, 1 output, Functional model API (Keras), test_size=0,2, 3HL, ReLU, 300 epochs- no initial val...

In [12]: x
y

y_train.flatten()
y_train_pred.flatten()

#create scatterplot

plt.scatter(x, y, s=10, color='b")
plt.xlabel('True values')
plt.ylabel('Predicted values')

#calculate equation for trendline
z = np.polyfit(x, y, 1)
p = np.polyld(z)

#add trendline to plot
plt.plot(x, p(x), color="k', linewidth=0.5)

Out[12]: [<matplotlib.lines.Line2D at @x2f4bo88fcdo>]
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29/03/23, 16:47 Oficial Humidity - THE ONE - 4 inputs, 1 output, Functional model API (Keras), test_size=0,2, 3HL, ReLU, 300 epochs- no initial val...

In [13]: # Comparison with other models
# Neural network - from the current code
from sklearn.metrics import mean_absolute_percentage_error
# outra forma de achar o MAPE com o sklearn: error = mean_absolute_percentage.

def mape(y_test, pred):
y_test, pred = np.array(y_test), np.array(pred)
mape = np.mean(np.abs((y_test - pred) / y_test))
return mape

mse_neural, mae_neural = model.evaluate(X_test_scaled, y_test)
mapeNN = mape(y_test, y_test_pred)

print('Mean squared error from neural net: ', mse_neural)
print('Mean absolute error from neural net: ', mae_neural)

print('Mean absolute percentage error from neural net (MAPE): ', mapeNN)
rmse = np.sqrt(mse_neural)

rmse

28/28 [==============================] - es 1ms/step - 1OSS: 23.8@59 - mae.
2.3414

Mean squared error from neural net: 23.805892944335938
Mean absolute error from neural net: 2.3413805961608887
Mean absolute percentage error from neural net (MAPE): ©0.043251911235235564

Out[13]: 4.879128297589226

O cédigo da linha de cima também pode ser escrito assim:

from sklearn import metrics

#predict pred = model.predict(X_test_scaled) score =
metrics.mean_squared_error(pred,y_test) score

#quanto menor o mse, melhor

In [14]: model.save('Neural Network-Humidity')

WARNING:absl:Found untraced functions such as _update_step_xla while saving
(showing 1 of 1). These functions will not be directly callable after loadin

g.
INFO:tensorflow:Assets written to: Neural_Network-Humidity\assets

INFO:tensorflow:Assets written to: Neural_Network-Humidity\assets
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29/03/23, 16:47 Oficial Humidity - THE ONE - 4 inputs, 1 output, Functional model API (Keras), test_size=0,2, 3HL, ReLU, 300 epochs- no initial val...
In [15]: # CROSS VALIDATION
#define the number of folds for cross-validation
num_folds=5

#create the KFold object with the specified number of folds

kf = KFold(n_splits=num_folds, shuffle=True, random_state=42)

performance_mse
performance_mae

[]
(]

#loop over each fold and train the model

for fold, (train_index, val_index) in enumerate(kf.split(X_train_scaled, y_tr
print(f"Fold: {fold+1}")

#split the data into training and validation sets for this fold
X_train_fold, X _val fold = X_train_scaled[train_index], X_train_scaled[va
y_train_fold, y_val_fold = y_train[train_index], y_train[val_index]

#compile and fit the Keras model on the training data for this fold
model.compile(loss="mean_squared_error', optimizer='adam', metrics=[ 'mae’
model.fit(X_train_fold, y_train_fold, epochs=300, batch_size=32, verbose=

#evaluate the model on the validation data for this fold
mse_neural, mae_neural = model.evaluate(X_val_fold, y_val_fold, verbose=0
print(f"validation loss: {mse_neural}, Validation mae: {mae_neural}")
performance_mse.append (mse_neural)
performance_mae.append(mae_neural)

print(performance_mse)

print(performance_mae)

def average(x):
return sum(x) / len(x)

average_mse = average(performance_mse)
average_mae = average(performance_mae)
print (f"Average loss = {average_mse}")
print (f"Average mae = {average_mae}")
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29/03/23, 16:47 Oficial Humidity - THE ONE - 4 inputs, 1 output, Functional model API (Keras), test_size=0,2, 3HL, ReLU, 300 epochs- no initial val...

Fold: 1
Validation loss: 49.11247253417969, Validation mae: 3.501563549041748
Fold: 2
Validation loss: 11.533354759216309, Validation mae: 1.465315341949463
Fold: 3
Validation loss: 21.96905517578125, Validation mae: 1.625471591949463
Fold: 4
Validation loss: 26.00507354736328, Validation mae: 1.8684287071228027
Fold: 5

Validation loss: 5.701254367828369, Validation mae: 1.2670228481292725
[49.11247253417969, 11.533354759216309, 21.96905517578125, 26.0050735473632
8, 5.701254367828369]

[3.501563549041748, 1.465315341949463, 1.625471591949463, 1.868428707122802
7, 1.2670228481292725]

Average loss = 22.86424207687378

Average mae = 1.9455604076385498

In [ ]:

In [39]:  #HAHHHHHHHHH A
# Linear regression
from sklearn import linear_model
from sklearn.tree import DecisionTreeRegressor
from sklearn.metrics import mean_squared_error, mean_absolute_error, mean_abs:

def mape(y_test, pred):
y_test, pred = np.array(y_test), np.array(pred)
mape = np.mean(np.abs((y_test - pred) / y_test))
return mape

## Linear Regression

lr_model = linear_model.LinearRegression()
1r_model.fit(X_train, y_train)

y_pred_lr = 1lr_model.predict(X_test)

mse_lr = mean_squared_error(y_test, y_pred_lr)

mae_lr = mean_absolute_error(y_test, y_pred_lr)

mape_1lr = mean_absolute_percentage_error(y_test, y_pred_1r)
#mapelr = mape(y_test, y pred Lr) - ver essa formula
print('Mean squared error from linear regression: ', mse_lr)
print('Mean absolute error from linear regression: ', mae_lr)
print ('MAPE LR: ', mape_1lr)

r2lr = r2_score(y_test, y_pred_1r)

print('R2 score test:', r2lr)

Mean squared error from linear regression: 3831.6869267007055
Mean absolute error from linear regression: 48.38035791978404
MAPE LR: ©0.985646792908584

R2 score test: 0.33115527261548106
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29/03/23, 16:47 Oficial Humidity - THE ONE - 4 inputs, 1 output, Functional model API (Keras), test_size=0,2, 3HL, ReLU, 300 epochs- no initial val...

In [40]: ## Decision Tree
tree = DecisionTreeRegressor()
tree.fit(X_train, y_train)
y_pred_tree = tree.predict(X_test)
mse_dt = mean_squared_error(y_test, y_pred_tree)
mae_dt = mean_absolute_error(y_test, y pred_tree)
print('Mean squared error from Decision Tree: ', mse_dt)
print('Mean absolute error from Decision Tree: ', mae_dt)
mape_tree = mean_absolute_percentage_error(y_test, y_pred_tree)
#mapetree = mape(y_test, y pred tree) - VER
print ('MAPE Decision Tree: ', mape_tree)
r2dt=r2_score(y_test, y_pred_tree)
print('R2 score test:', r2dt )

Mean squared error from Decision Tree: 53.672580605707765
Mean absolute error from Decision Tree: 2.4724172813063063
MAPE Decision Tree: ©0.0425785571021363

R2 score test: 0.9906311180349594

In [43]: # Sintese das andlises

valores3 = ["NN", "LR", "DT"]
r2 = [r2nn, r2lr, r2dt]

R2 = pd.DataFrame({"Model": valores3, "R2": r2})
R2

Out[43]: Model R2

0 NN 0.998562
1 LR 0.331155

2 DT 0.990631
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29/03/23, 16:47 Oficial Humidity - THE ONE - 4 inputs, 1 output, Functional model API (Keras), test_size=0,2, 3HL, ReLU, 300 epochs- no initial val...

In [44]: sns.barplot(x="Model", y="R2", data=R2, order = R2.sort_values("R2").Model)

Out[44]: <AxesSubplot:xlabel='Model', ylabel='R2'>
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In [32]: # Sintese das andlises

valoresl = ["NN", "LR", "DT"]
errosl = [23.81, mse_lr, mse_dt]

MSE = pd.DataFrame({"Model": valoresl, "Mean Squared Error - MSE": errosl})

MSE
Out[32]: Model Mean Squared Error - MSE
0 NN 23.810000
1 LR 3831.686927
2 DT 62.909224
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In [33]: valores2 = ["NN", "LR", "DT"]
erros2 = [2.34, mae_lr, mae_dt]

MAE = pd.DataFrame({"Model": valores2, "Mean Absolute Error - MAE": erros2})

MAE
Out[33]: Model Mean Absolute Error - MAE
0 NN 2.340000
1 LR 48.380358
2 DT 2.603288

In [34]: sns.barplot(x="Model", y="Mean Squared Error - MSE", data=MSE, order = MSE.so

Out[34]: <AxesSubplot:xlabel='Model', ylabel='Mean Squared Error - MSE'>
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In [35]: sns.barplot(x="Model", y="Mean Absolute Error - MAE", data=MAE, order = MAE.s

Out[35]: <AxesSubplot:xlabel='Model', ylabel='Mean Absolute Error - MAE'>
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In [ ]:
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import numpy as np
import pandas as pd
import seaborn as sns

from matplotlib import pyplot as plt
.models import load_model, Sequential, Model
.layers import Dense, Dropout, Input
.optimizers import Adam
.regularizers import 11, 12, 11_12

from tensorflow.keras
from tensorflow.keras
from tensorflow.keras
from tensorflow.keras

df = pd.read_excel('dataset.artigo.lab.xlsx")

df

Material Temperature [°C]

0 5
1 5
2 5
3 5
4 5
5 5
6 5
7 5
8 5
9 5

10 5

1 5

12 5

13 5

14 5

15 5

16 5

17 5

18 5

19 5

20 5

21 5

22 5

23 5

24 5

25 5

26 5

27 5

28 5

29 5

30 5

31 5

32 5

33 5

34 5

35 5

36 5

37 5

38 5

39 5

40 5

a1 5

42 5

43 5

44 5

a5 5

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

25

25

25

25

25

25

25

25

25

25

25

25

25

25

idity [kg/m®] AT [°C]

Relative F idity [%]
70 199.875283
70 197.176871
70 195.328798
70 192.630385
70 186.984127
70 177.981859
70 137.154195
70 123.129252
70 54.104308
70 48798186
70 43.480726
70 38.163265
70 35.702948
70 35.158730
70 34.693878
60 219.126984
60 214.637188
60 211.473923
60 206.394558
60 196.417234
60 179.614512
60 113.412698
60 104.773243
60 99.274376
60 77.721088
60 70.725624
60 60.102041
60 56.201814
60 38.809524
80 209.002268
80 207.585034
80 206.882086
80 204.546485
80 201.814059
80 180.306122
80 174.773243
80 169.954649
80 147.471655
80 144875283
80 140.124717
80 120.714286
80 99.240363
80 71.292517
80 64.535147
80 61.020408
80 58.741497

from keras.models import Model

from keras.layers import Dense, Input
from sklearn.model_selection import cross_val_score
from sklearn.model_selection import KFold
from sklearn.pipeline import Pipeline
from sklearn.model_selection import train_test_split
from sklearn.metrics import r2_score
from tensorflow.keras.callbacks import EarlyStopping
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#

EREN

X

07 - Fine-tuning - Humidity

SEPARAR INPUTS DOS OUTPUTS

df.drop([ 'Humidity [kg/m3]'], axis=1)
df.drop([ 'Material', 'Temperature [°C]', 'Relative Humidity [%]', 'AT [°C]'], axis=1)
y.values

nimero de dados de treinamento
= X.shape[0]

train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.2, random_state=42, shuffle=True)

# Scale data, otherwise model will fail

# Standardize features by removing the mean and scaling to unit variance
from sklearn.preprocessing import MinMaxScaler

scaler = MinMaxScaler()

scaler.fit(X)

X_train_scaled = scaler.transform(X_train)
X_test_scaled = scaler.transform(X_test)

from tensorflow.keras.models import load_model
from tensorflow.keras.layers import Dense, Dropout
from tensorflow.keras.optimizers import Adam

num_classes = 1

# Carregar o modelo treinado com dados de simulacdo
model_simulation = load_model('C://Users//Leticia Carvalho//Documents//humidity.keras")

# Congelar as primeiras camadas do modelo para preservar os pesos
for layer in model_simulation.layers:

layer.trainable = False

# Criar a entrada para o novo modelo
input_layer = Input(shape=(4,))

# Passar a entrada pelo modelo pré-treinado

X

model_simulation(input_layer, training=False)

Adicionar camadas de ajuste

#X
#x

#x

Dense (128, activation='relu')(x)

#
# Adicionando uma camada de dropout
X
X

= Dense(128, activation='relu')(x)

Dropout(0.5)(x) # Adicionando uma camada de dropout
Dropout(0.5)(x) # Adicionando uma camada de dropout

Dense(128, activation='relu', kernel_regularizer=regularizers.l2(0.01))(x)

predictions = Dense(1)(x)

# Criar o novo modelo
model = Model(inputs=input_layer, outputs=predictions)

# Compilar o novo modelo
model.compile(optimizer=Adam(learning_rate=0.001), loss='mean_squared_error', metrics=['mae'])

# Treinar o modelo com os dados reais

monitor = EarlyStopping(monitor='val_loss', min_delta=1e-3, patience=30, verbose=1, restore_best_weights=True)
history = model.fit(X_train_scaled, y_train, validation_split=0.2, epochs=2000, callbacks = [monitor], batch_size=32, verbose=1)
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801lms/step - loss: 24155.0879 - mae: 142.3605 - val_loss: 12837.1504 - val_mae: 96.5826

32ms/step
43ms/step
67ms/step
55ms/step
53ms/step
35ms/step
31ms/step
34ms/step
3ems/step
33ms/step
36ms/step
37ms/step
67ms/step
41ms/step
51ms/step
32ms/step
34ms/step
32ms/step
32ms/step
33ms/step
33ms/step
32ms/step
42ms/step
42ms/step
31ms/step
3ems/step
40ms/step
34ms/step
47ms/step
40ms/step
44ms/step
56ms/step
50ms/step
58ms/step
52ms/step
55ms/step
35ms/step
32ms/step
3ems/step
40ms/step
41ms/step
52ms/step
45ms/step
37ms/step
45ms/step
36ms/step
47ms/step
35ms/step
43ms/step
68ms/step
53ms/step

40ms/step

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:
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loss:
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loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

19153.4277 - mae: 126.4836 - val_loss: 11196.0840 - val_mae: 87.8699
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- mae: 39.2916Restoring model weights from the end of the best epoch: 691.
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4771 - mae: 39.2916 - val_loss: 3269.4683 - val_mae: 52.0274

# plot the training and validation accuracy and loss at each epoch

loss =

epochs

plt.plot (epochs, loss,
plt.plot (epochs, val_loss,

history.history['loss']
val_loss = history.history['val_loss']
= range(1, len(loss) + 1)

plt.title('Training and validation loss"')

plt.xlabel ('Epochs")
plt.ylabel('Loss")

plt.legend()
plt.show()

acc = history.history[ ‘mae']

val_ac

plt.plot (epochs, acc, 'y',

c = history.history[ 'val_mae']

plt.plot (epochs, val_acc,
plt.title('Training and validation MAE')

plt.xlabel ('Epochs")
plt.ylabel('MAE")

plt.legend()
plt.show()
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# Runs model with its current weights on the training and testing data

y_train_pred = model.predict(X_train_scaled)
y_test_pred = model.predict(X_test_scaled)

# X_test - input de teste
# X_train - input de treino

# y_test_pred - output de teste previsto
# y test - output de teste real

# Calculates and prints r2 score of training and testing data
print('R2 score train:', r2_score(y_train, y_train_pred))

print('R2 score test:', r2_score(y_test, y test_pred))

r2nn = r2_score(y_test, y_test_pred)

r2nn
2/2 [ ] - ©s 3ms/step
1/1 [ ] - @s 17ms/step

R2 score train: 0.3551114677934428
R2 score test: ©.4941453457434887
0.4941453457434887

# Predict on test data

predictions = model.predict(X_test_scaled[:])
print("Predicted values are: ", predictions[:5])
print(“Real values are: ", y_test[:5])

1/1 [ ] - 0s 18ms/step
Predicted values are: [[176.88853]
[ 90.40711]
[ 89.02615]
[117.5611 ]
[171.00327]]
Real values are: [[140.12471655]
[ 70.72562358]
[ 60.10204082]
[ 61.02040816]
[174.77324263]]

x = y_test.flatten()
y = y_test_pred.flatten()

#create scatterplot

plt.scatter(x, y, s=10, color='b")
plt.xlabel('True values')
plt.ylabel('Predicted values')

#calculate equation for trendline
z = np.polyfit(x, y, 1)
p = np.polyld(z)

#add trendline to plot
plt.plot(x, p(x), color='k', linewidth=0.5)

[<matplotlib.lines.Line2D at @x1fd9a337d30>]
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y_train.flatten()
y_train_pred.flatten()

#create scatterplot
plt.scatter(x, y, s=10, color='b")
plt.xlabel('True values')
plt.ylabel('Predicted values')

#calculate equation for trendline
z = np.polyfit(x, y, 1)
p = np.polyld(z)

#add trendline to plot
plt.plot(x, p(x), color='k"', linewidth=0.5)

[<matplotlib.lines.Line2D at @x1fd9a2ef310>]
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20/02/2025, 11:11 11 - Dados Algoritmo CBM + WUFI argamassa + laboratério - Humidity - com tipo E SLOPE

import numpy as np

import pandas as pd

import seaborn as sns

from matplotlib import pyplot as plt

df = pd.read_excel('dataset.artigoCBM,WUFIelab.tipo.slope.x1lsx")

df
Material Type Slope Temperature [°C] Relative Humidity [%] Atmax [°C] Humidity [kg/m®] AT [°C]
0 1 1 1 6.99619 53.7301 2376 233.649250 1.929128
1 1 1 1 6.99619 53.7301 2.376 221.900300 2.376436
2 1 1 2 6.99619 53.7301 2376 164.249420 2.317941
3 1 1 2 6.99619 53.7301 2.376 145.193510 2.256899
4 1 1 2 6.99619 53.7301 2376 137.497590 2.198631
5798 5 2 2 15.00000 80.0000 1310 99.240363  0.850000
5799 5 2 2 15.00000 80.0000 1310 71292517 0.450000
5800 5 2 2 15.00000 80.0000 1310 64.535147 0.380000
5801 5 2 2 15.00000 80.0000 1310 61.020408 0.380000
5802 5 2 2 15.00000 80.0000 1310 58.741497  0.310000

5803 rows x 8 columns

from keras.models import Model

from keras.layers import Dense, Input

from sklearn.model_selection import cross_val_score

from sklearn.model_selection import KFold

from sklearn.pipeline import Pipeline

from sklearn.model_selection import train_test_split
from sklearn.metrics import r2_score

from tensorflow.keras.callbacks import EarlyStopping

H*

SEPARAR INPUTS DOS OUTPUTS

X = df.drop(['Atmax [°C]', 'Humidity [kg/m3*]'], axis=1)
df.drop([ ‘Material’, ‘Type', 'Slope', 'Temperature [°C]', 'Relative Humidity [%]', 'AT [°C]', 'Atmax [°C]'], axis=1)
y = y.values

<
n

H*

numero de dados de treinamento
= X.shape[0]

E]

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.2, random_state=42, shuffle=True)
# Scale data, otherwise model will fail

# Standardize features by removing the mean and scaling to unit variance

from sklearn.preprocessing import MinMaxScaler

scaler = MinMaxScaler()

scaler.fit(X)

X_train_scaled = scaler.transform(X_train)
X_test_scaled = scaler.transform(X_test)
# Define the model

# Experiment with deeper and wider networks

#Start defining the input tensor:

inpTensor = Input(shape= (6,))

#create the Llayers and pass them the input tensor to get the output tensor:
hidden1l0Out = Dense(128, activation='relu')(inpTensor)

hidden20ut = Dense(64, activation='relu')(hiddenlOut)

hidden30ut = Dense(64, activation='relu')(hidden20ut)

finalOut = Dense(1l, activation='relu')(hidden30ut)

#define the model's start and end points
model = Model(inpTensor,finalOut)

model.compile(loss="mean_squared_error', optimizer='adam', metrics=['mae'])

# Apply the EarlyStopping function to prevent overfitting

# Train the model

monitor = EarlyStopping(monitor='val_loss', min_delta=1e-3, patience=20, verbose=1, restore_best_weights=True)

history = model.fit(X_train_scaled, y_train, validation_split=0.1, epochs=500, callbacks=[monitor], verbose=1)

127.0.0.1:8888/nbconvert/html/Documents/11 - Dados Algoritmo CBM %2B WUFI argamassa %2B laboratério - Humidity - com tipo E SLOPE.ipy... 1/9
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Epoch 30/500
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131/131 [
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Epoch 36/500
131/131 [
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131/131 [
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131/131 [
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131/131 [
Epoch 44/500

131/131 [
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131/131 [
Epoch 46/500
131/131 [

Epoch 47/500
131/131 [

Epoch 48/500
131/131 [

Epoch 49/500
131/131 [

Epoch 50/500
131/131 [

Epoch 51/500
131/131 [

Epoch 52/500
131/131 [

Epoch 53/500

131/131 [
Epoch 54/500
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loss:
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loss:
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loss:
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loss:
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loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

8440.3945

4575.4409

3810.5691

3306.2705

2838.8289

2357.5398

1750.9963

1093.0839

638.9203

459.5332

390.4783

345.2585

300.5996

266.7432

251.6301

234.6590

222.8684

209.3368

201.4293

189.6549

188.6866

185.8609

171.5596

168.8255

162.2195

161.5096

156.4267

152.6293

150.6701

146.7748

145.5995

146.9226

140.5288

138.5514

153.0136

137.9640

132.1338

139.6030

140.0569

137.5583

129.9152

127.1095

127.9401

123.4021

129.8539

123.5853

116.4671

121.9231

114.6770

110.5726

109.0808

109.7647

110.5685

mae: 68

: 49.

: 45,

: 41,
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0
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0
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0
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: 17.6584

: 13.6931

: 12.2608

©11.1292

: 10.2441

.6183

.4528

.1237

.9301

.7597

.4429

L2170

.3925

.1433

.6809

.6240

.5203

.4484

.2441

.0804

.1687

.8779

.8601

.9638

.7427

.5240

.2800

L4193

L2797

.7296

.7437

.6819

.3021

.1974

.2669

.9907

.3548

.0382

.9127

.9647

.7386

.5250

.4935

.6709

.6950

.8029

: 54.2969

3838

7772

8192

: 37.3450

: 31.5951

© 24,3019

val_loss

val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:

val_loss:

val_loss:
val_loss:
val_loss:
val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

: 4826.4209 - val_mae
3746.0151 - val_mae:
3151.2534 - val_mae:
2718.3362 - val_mae:
2305.7095 - val_mae:
1890.8857 - val_mae:
1301.6721 - val_mae:
780.2002 - val_mae:

537.1631 - val_mae:

459.1964 - val_mae:

380.1147 - val_mae:

339.9416 - val_mae:

306.5977 - val_mae:

279.2474 - val_mae: 9

263.4547 - val_mae: 9.

243.4284 - val_mae: 9

229.4786 - val_mae: 9

233.4622 - val_mae: 8

245.5542 - val_mae: 9

210.0661 - val_mae: 8

195.0467 - val_mae: 8

190.1331 - val_mae: 7

183.7727 - val_mae: 8

194.4464 - val_mae: 8

191.8165 - val_mae: 8

178.9339 - val_mae: 7

173.3089 - val_mae: 7

163.5638 - val_mae: 7

179.1341 - val_mae: 7

198.8650 - val_mae: 8

175.7451 - val_mae: 7

163.1801 - val_mae: 6

158.2098 - val_mae: 6

158.2760 - val_mae: 7

158.5318 - val_mae: 6

158.5277 - val_mae: 6

148.2290 - val_mae: 6

181.0798 - val_mae: 8

148.4725 - val_mae: 6

160.6129 - val_mae: 7

178.9584 - val_mae: 7

138.4517 - val_mae: 6

186.6998 - val_mae: 8

136.0961 - val_mae: 5

150.8076 - val_mae: 6

148.5047 - val_mae: 6

157.3894 - val_mae: 6

143.4189 - val_mae: 6

131.6657 - val_mae: 5

148.9255 - val_mae: 7

145.2735 - val_mae: 6

126.2857 - val_mae: 5

125.5088 - val_mae: 5

: 55.4504

49.0241

45.1549

41.9065

37.1837

33.8577

27.0996

20.6593

14.9750

13.2982

11.3045

10.6272

10.7535

.9468

4291

.1567

.0269

.7252

.8024

.8777

.1270

.5752

.1873

.3618

.1909

.9415

.2844

.2375

.3812

.7849

.5624

.8655

.7160

.1709

.3218

.5580

L2725

L1242

.4040

.1908

.5273

.0396

.7463

.8622

.5179

.9251

.5552

.1018

.6512

.5705

L7122

.5957

.7947
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131/131 [ ]
Epoch 55/500
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131/131 [ ]
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131/131 [ ]
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131/131 [ ]
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131/131 [ ]
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131/131 [ ]
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131/131 [ ]
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131/131 [ ]
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131/131 [ ]
Epoch 83/500
131/131 [ ]
Epoch 84/500
131/131 [ ]
Epoch 85/500
131/131 [ ]
Epoch 86/500
131/131 [ ]
Epoch 87/500
131/131 [ ]
Epoch 88/500
131/131 [ ]
Epoch 89/500
131/131 [ ]
Epoch 90/500
131/131 [ ]
Epoch 91/500
131/131 [ ]
Epoch 92/500
131/131 [ ]
Epoch 93/500
131/131 [ ]
Epoch 94/500
131/131 [ ]
Epoch 95/500
131/131 [ ]
Epoch 96/500
131/131 [ ]
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131/131 [ ]
Epoch 98/500
131/131 [ ]
Epoch 99/500
131/131 [ ]
Epoch 100/500
131/131 [ ]
Epoch 101/500
131/131 [ ]
Epoch 102/500
131/131 [ ]
Epoch 103/500
131/131 [ ]
Epoch 104/500
131/131 [ ]
Epoch 105/500
131/131 [ ]
Epoch 106/500
131/131 [ ]
Epoch 107/500
131/131 [ ]
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loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

111.2203 - mae:

103.2777 - mae:

107.0579 - mae:

101.1550 - mae:

97.6658 - mae:

108.1667 - mae:

104.2361 - mae:

99.7979 - mae:

105.0084 - mae:

95.9352 - mae:

96.3767 - mae:

95.5610 - mae:

94.3764 - mae:

91.1327 - mae:

90.9135 - mae:

85.3238 - mae:

87.9751 - mae:

89.9349 - mae:

95.9199 - mae:

89.3956 - mae:

83.4368 - mae:

88.1023 - mae:

87.1509 - mae:

81.0416 - mae:

77.2347 - mae:

78.3424 - mae:

77.3099 - mae:

74.5452 - mae:

77.2270 - mae:

71.1526 - mae:

72.8295 - mae:

71.8370 - mae:

70.5575 - mae:

77.5516 - mae:

71.1238 - mae:

66.9834 - mae:

71.7895 - mae:

67.9905 - mae:

73.4484 - mae:

64.6974 - mae:

68.7311 - mae:

69.7953 - mae:

65.1624 - mae:

64.0811 - mae:

68.1257 - mae:

62.5483 - mae:

63.7297 - mae:

56.7938 - mae:

64.4536 - mae:

62.5432 - mae:

60.8327 - mae:

60.2939 - mae:

60.9988 - mae:

62.6310 - mae:

5.9009 - val_loss:
5.3342 - val_loss:
5.5778 - val_loss:

5.4000 - val_loss:

5.2379 - val_loss:

5.7143 - val_loss:

5.5751 - val_loss:

5.4602 - val_loss:

5.7487 - val_loss:

5.3060 - val_loss:
5.1453 - val_loss:
5.1622 - val_loss:
5.4045 - val_loss:
5.0629 - val_loss:
5.2104 - val_loss:
4.8446 - val_loss:
5.0531 - val_loss:
5.2186 - val_loss:
5.4379 - val_loss:
5.2504 - val_loss:
4.8520 - val_loss:
5.1790 - val_loss:
5.2177 - val_loss:
4.9060 - val_loss:
4.6510 - val_loss:
4.6378 - val_loss:
4.7461 - val_loss:
4.6393 - val_loss:
4.6426 - val_loss:
4.4199 - val_loss:
4.6524 - val_loss:
4.4953 - val_loss:
4.4557 - val_loss:
4.9787 - val_loss:
4.6402 - val_loss:
4.4076 - val_loss:
4.5385 - val_loss:
4.3974 - val_loss:
4.6616 - val_loss:
4.2321 - val_loss:
4.3892 - val_loss:
4.5712 - val_loss:
4.3649 - val_loss:
4.3846 - val_loss:
4.5656 - val_loss:
4.1556 - val_loss:
4.3515 - val_loss:
4.0029 - val_loss:
4.3838 - val_loss:
4.2365 - val_loss:
4.3226 - val_loss:
4.2352 - val_loss:
4.2926 - val_loss:

4.4171 - val_loss:

146.3950 - val_mae: 6.5299

122.5276 - val_mae:

128.3210 - val_mae:

118.1801 - val_mae:

118.4924 - val_mae:

126.3116 - val_mae:

124.9584 - val_mae:

119.0119 - val_mae:

118.7017 - val_mae:

115.1557 - val_mae:
116.1426 - val_mae:
128.0952 - val_mae:
129.4532 - val_mae:
128.4302 - val_mae:
126.6326 - val_mae:
95.6703 - val_mae:
115.4645 - val_mae:
104.0086 - val_mae:
100.2377 - val_mae:
98.3615 - val_mae:
93.2258 - val_mae:
88.1397 - val_mae:
133.2141 - val_mae:
80.3072 - val_mae:
83.1695 - val_mae:
102.5075 - val_mae:
93.0310 - val_mae:
78.5791 - val_mae:
82.0879 - val_mae:
104.9215 - val_mae:
84.7700 - val_mae:
78.2897 - val_mae:
74.6829 - val_mae:

107.2497 - val_mae:

4

5

5

4

4

4

5

4

4

4

4

4

5.2690

6.1381

5.8843

5.8421

5.9417

5.6028

4.9234

6.2921

6.0799

w

.1999

6.7026

6.3827

6.8446

v

.2890

.8014

5.6114

4.8663

5.0025

.6593

.1641

.3409

6.7150

.6724

.6973

5.4542

.5957

.5014

.7356

5.2202

.5807

.8205

.8630

6.6161

79.2601 - val_mae: 4.7365

98.3140 - val_mae:
73.3713 - val_mae:
67.5011 - val_mae:
70.4672 - val_mae:
78.1031 - val_mae:
67.5708 - val_mae:
70.3875 - val_mae:
67.4939 - val_mae:
61.9442 - val_mae:
81.6773 - val_mae:
61.5659 - val_mae:
71.8243 - val_mae:
87.3034 - val_mae:
79.5600 - val_mae:
57.5649 - val_mae:
72.7828 - val_mae:
60.2787 - val_mae:
65.6329 - val_mae:

66.4652 - val_mae:

5.

4.

w

w

v

w

4

2943

3241

.3256

.2029

L2773

.5287

.1446

.2118

.6592

.2040

.9247

.4250

.4818

.4100

.1759

.6905

.2654

.6723

.4739
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2432

3767
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8444

mae:

2.9867

: 3.1299

: 3.0358

: 3.0616

:2.7921

12,7212

: 2.7800

: 3.0994

: 3.1966

: 2.6090

¢ 3.1102

: 2.6230

: 3.0521

: 3.3450

© 2.8158

: 2.7655

: 2.7595

: 2.7070

: 2.8825

: 2.6637

: 2.7367

: 2.8171

: 3.2725

: 2.6572
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: 2.5512
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: 2.7808

: 3.2061

: 2.6915
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: 2.8556

: 2.6454

: 2.7016

: 2.8785

: 3.3904

: 2.4990

: 2.7251

: 2.7038

1 2.4774

: 3.0346

: 3.0155

: 2.5589

: 3.0783

: 2.6149

1 2.4374

: 2.5557

: 2.4876

: 2.7680

: 2.5348

: 2.8900

©2.9911

: 2.6119

val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
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val_loss:
val_loss:
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val_loss:
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val_loss:
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1604

.8570

L1621

.5980

.0462

.5929

.1215

.8681

.0968

.3659

.0489

.9117

.9841

.8632

.3973

.3159

.9433

.6793

.6265

.5943

.5253

.5532

.6339

.5643

.7044

L2791

.8651

.3977

L4812

.3866

.3237

.3805

.5948

.6118

.9301

.0548

.8985

L4726

.1635
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.8488
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.0456

.2166
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.1949

.4439

.8212
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131/131 [
Epoch 269/500

1

131/131 [
Epoch 270/500
131/131 [

1

Epoch 271/500
131/131 [

Epoch 272/500

131/131 [
Epoch 273/500

131/131 [
Epoch 274/500
131/131 [

Epoch 275/500
131/131 [

Epoch 276/500

131/131 [
Epoch 277/500

118/131 [
131/131 [

Epoch 277: early stopping

0

«

3ms/step

®
"

3ms/step

®
"

4ams/step

®
"

3ms/step

®
"

3ms/step

(2]

n

3ms/step

(2]

n

3ms/step

(2]

n

3ms/step

0s 3ms/step

loss

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

ETA: @s - loss: 18

0s 3ms/step - loss:

: 26.

.4868 - mae:
18.3358 -

30.

22.

28.

22.

22.

22.

24.

20.

4282

4655

1899

0238

3804

4794

3689

3000

2777

# plot the training and validation accuracy and loss at each epoch

loss = history.history['loss']
val_loss = history.history['val_loss']
epochs = range(1, len(loss) + 1)

'y', label = 'Training loss')

plt.plot (epochs, loss
plt.plot (epochs, val_loss,
plt.title('Training and validation loss"')

plt.xlabel ('Epochs')

plt.ylabel('Loss")
plt.legend()
plt.show()

acc = history.history[ ‘mae']
val_acc = history.history['val_mae']
plt.plot (epochs, acc,

plt.plot (epochs, val_acc,
plt.title('Training and validation MAE')

plt.xlabel ('Epochs")

plt.ylabel('MAE")
plt.legend()
plt.show()

'y', label = 'Training MAE")

‘r', label='Validation loss')

‘r', label='validation MAE')

Training and validation loss

mae: 2

.8359

.1689

.5098

L9791

.4361

.7257

.5737

.7270

.4588

val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:

val_loss:

2.4309Restoring model

mae: 2.4321 - val_loss:

8000 A

6000 A

5

wvi
S 4000 A

2000 A

Training loss
— Validation loss

o

T
50 100

T
150

Epochs

T
200

Training and validation MAE

T
250

70 4

60

50 4

40 4

MAE

30 4

204

10 4

Training MAE
—— Validation MAE

o

# Runs model with its current weights on the training and testing data

T
100

T
150

Epochs

y_train_pred = model.predict(X_train_scaled)
y_test_pred = model.predict(X_test_scaled)

127.0.0.1:8888/nbconvert/html/Documents/11 - Dados Algoritmo CBM %2B WUFI| argamassa %2B laboratério - Humidity - com tipo E SLOPE.ipy...
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T
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19.

33.

18.

25.

20.

19.

24.

30

weights from the end of the best epoch:

.1628

4939

4812

3887

3690

5445

8581

0710

.5420

val_mae: 3.3496

val_mae:
val_mae:
val_mae:
val_mae:
val_mae:
val_mae:

val_mae:

2.

3.

)

)

N

N

2.

3716

4741

L4173

.5527

.4836

.4669

3604

val_mae: 2.8865

22.5105 - val_mae: 2.4073

257.
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# X_test - input de teste
# X_train - input de treino

# y test_pred - output de teste previsto
# y test - output de teste real

# Calculates and prints r2 score of training and testing data
print('R2 score train:', r2_score(y_train, y_train_pred))

print('R2 score test:', r2_score(y_test, y_test_pred))

r2nn = r2_score(y_test, y_test_pred)

r2nn
146/146 [ ] - os 2ms/step
37/37 [ ] - os 2ms/step

R2 score train: 0.9970621900647444
R2 score test: 0.9959561017383082
0.9959561017383082

# Predict on test data

predictions = model.predict(X_test_scaled[:])
print("Predicted values are: ", predictions[:5])
print(“Real values are: ", y_test[:5])

37/37 [ ] - ©s 2ms/step
Predicted values are: [[ 27.29742 ]
[ 84.00268 ]
[ 68.65811 ]
[215.21413 ]
[114.059845]]
Real values are: [[ 27.331945]
[ 85.007767]
[ 71.608025]
[217.3111 ]
[112.35448 1]

# Predict on new data

testando = [5, 2, 2, 15.0, 8.0, 0.31]

testando = np.array(testando)

testando= testando.reshape(1, -1)
testandonormalizado = scaler.transform(testando)

predictions2 = model.predict(testandonormalizado)
print(“"Predicted: ", predictions2)
print(“Real value: Humidade = 58,74 kg/m3")

1/1 [ ] - @s 37ms/step
Predicted: [[50.06875]]
Real value: Humidade = 58,74 kg/m3
C:\ProgramData\Anaconda3\1lib\site-packages\sklearn\base.py:450: UserWarning: X does not have valid feature names, but MinMaxScaler was fitted with fe
ature names
warnings.warn(

x = y_test.flatten()
y = y_test_pred.flatten()

#create scatterplot

plt.scatter(x, y, s=10, color='b")
plt.xlabel('True values')
plt.ylabel('Predicted values')

#calculate equation for trendline
z = np.polyfit(x, y, 1)
p = np.polyld(z)

#add trendline to plot
plt.plot(x, p(x), color='k', linewidth=0.5)

[<matplotlib.lines.Line2D at ©x2da97083b80>]

250

200 4

)

[%,]

o
L

Predicted values
=
s
(=]
!

50

T T T
0 50 100 150 200
True values

x = y_train.flatten()
y = y_train_pred.flatten()

#create scatterplot

plt.scatter(x, y, s=10, color='b")
plt.xlabel('True values')
plt.ylabel('Predicted values')
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#calculate equation for trendline

z = np.polyfit(x, y, 1)

p = np.polyld(z)

#add trendline to plot

plt.plot(x, p(x), color="k', linewidth=0.5)

[<matplotlib.lines.Line2D at @x2da96f61250>]

250 4

200 4

=

U

o
L

100 4

Predicted values

50 A

T T T
0 50 100 150 200
True values

model.save('C://Users//Leticia Carvalho//Documents//humiditytheone.keras")
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03/03/2025, 09:02 Converte T em Delta T-R01

import pandas as pd
import numpy as np

# Carregar a planilha
file_path = "imagemtermica.x1lsx" # Substitua pelo caminho correto
image = pd.read_excel(file_path, header=None)

# Exibir a matriz para o usudrio selecionar a temperatura da regido seca
print(“"Matriz de Temperatura da Imagem:")
print(image)

# Solicitar a entrada do usudrio para a temperatura da regido seca
while True:
try:
dry_region_temp = float(input(“"Digite a temperatura da regido seca: "))
break
except ValueError:
print("Entrada invdlida. Digite um numero valido.")

# Criar a nova imagem com a diferenca entre a temperatura seca e os valores individuais das células
new_image = dry_region_temp - image

# Ajustar valores negativos para zero
new_image[new_image < 0] = 0

# Salvar o novo arquivo como Excel

output_path = "nova_imagem.x1lsx"

new_image_df = pd.DataFrame(new_image)
new_image_df.to_excel(output_path, header=False, index=False)

print(f"Arquivo salvo em: {output_path}")

Matriz de Temperatura da Imagem:

2] 1 2 3 4 5 6 7 8 \
29.470 29.470 29.460 29.465 29.485 29.515 29.530 29.525 29.480
29.510 29.535 29.470 29.414 29.444 29.505 29.505 29.500 29.510
29.600 29.590 29.490 29.424 29.490 29.570 29.510 29.449 29.490
29.671 29.621 29.510 29.449 29.530 29.611 29.520 29.429 29.480
29.641 29.600 29.480 29.399 29.439 29.520 29.475 29.444 29.520

PWNRO

162 26.533 26.497 26.394 26.301 26.280 26.321 26.342 26.363 26.327
163 26.456 26.440 26.352 26.275 26.285 26.327 26.280 26.270 26.337
164 26.316 26.358 26.363 26.342 26.316 26.285 26.218 26.213 26.301
165 26.177 26.259 26.363 26.399 26.332 26.233 26.187 26.213 26.275
166 26.068 26.171 26.280 26.316 26.270 26.197 26.187 26.223 26.265

9 e 18 19 20 21 22 23 24\
2] 29.475 ... 29.550 29.545 29.606 29.671 29.676 29.646 29.616
1 29.550 ... 29.575 29.600 29.641 29.671 29.671 29.631 29.560
2 29.580 ... 29.590 29.611 29.631 29.641 29.651 29.621 29.520
3 29.585 ... 29.600 29.606 29.595 29.606 29.646 29.646 29.555
4 29.600 ... 29.600 29.616 29.585 29.580 29.646 29.691 29.651
162 26.347 ... 26.528 26.543 26.409 26.311 26.358 26.476 26.502
163 26.440 ... 26.409 26.471 26.389 26.311 26.347 26.430 26.461
164 26.404 ... 26.363 26.368 26.389 26.394 26.316 26.270 26.332
165 26.316 ... 26.347 26.270 26.389 26.482 26.321 26.156 26.218
166 26.254 ... 26.285 26.197 26.342 26.476 26.352 26.177 26.166

25 26 27

] 29.595 29.595 29.611
1 29.540 29.600 29.666
2 29.475 29.555 29.656
3 29.480 29.505 29.575
4 29.560 29.475 29.449
162 26.497 26.543 26.533
163 26.456 26.440 26.399
164 26.409 26.383 26.327
165 26.347 26.332 26.290
166 26.233 26.213 26.213

[167 rows x 28 columns]

Digite a temperatura da regido seca: 29.5
Arquivo salvo em: nova_imagem.x1lsx

127.0.0.1:8888/nbconvert/html/Documents/Converte T em Delta T-R01.ipynb?download=false
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04/03/2025, 21:17 Transformagéo imagem térmica-R01

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

from tensorflow.keras.models import load_model
from sklearn.preprocessing import MinMaxScaler

# Passo 1: Importar a imagem em formato Excel (.xlLsx)
file_path = 'nova_imagem2.x1lsx"
image = pd.read_excel(file_path, header=None)

# Extrair valores de AT [°C] da imagem
delta_T_values = image.values.flatten() # Converter para uma array 1D

# Importar o arquivo de treinamento para ajustar o MinMaxScaler
train_data_path = 'dataset.artigoCBM,WUFIelab.tipo.slope.x1lsx' # Substitua pelo caminho do arquivo de treinamento
train_data = pd.read_excel(train_data_path)

# Separar as colunas de caracteristicas (features) que foram usadas para treinar o modelo
features = ['Material', 'Type', 'Slope', 'Temperature [°C]', 'Relative Humidity [%]', 'AT [°C]']

# Passo 3: Ajustar o MinMaxScaler aos dados de treinamento
scaler = MinMaxScaler()
train_data_scaled = scaler.fit_transform(train_data[features])

# Passo 2: Definir outros inputs do modelo

material = 5.0 # Exemplo de material

type_value = 2.0  # Exemplo de tipo

slope = 2.0 # Exemplo de inclina¢do

temperature_C = 15.0 # Exemplo de temperatura em Celsius
relative_humidity_percent = 60.0 # Exemplo de umidade relativa em %

# Passo 3: Criar um DataFrame com todos os inputs
data = {
‘Material': [material] * len(delta_T_values),
'Type': [type_value] * len(delta_T_values),
‘Slope': [slope] * len(delta_T_values),
'Temperature [°C]': [temperature_C] * len(delta_T_values),
‘Relative Humidity [%]': [relative_humidity_percent] * len(delta_T_values),
'AT [°C]': delta_T_values
}

input_df = pd.DataFrame(data)
input_df

Material Type Slope Temperature [°C] Relative Humidity [%] AT [°C]

[} 5.0 20 20 15.0 60.0  0.0240
1 5.0 2.0 20 15.0 60.0 0.0240
2 5.0 20 20 15.0 60.0 0.0320
3 5.0 2.0 20 15.0 60.0 0.0280
4 5.0 20 20 15.0 60.0 0.0120
4671 5.0 20 20 15.0 60.0 26584
4672 5.0 2.0 20 15.0 60.0 2.6672
4673 5.0 20 20 15.0 60.0 26136
4674 5.0 2.0 20 15.0 60.0 2.6296
4675 5.0 20 20 15.0 60.0 26296

4676 rows x 6 columns

# Passo 7: Aplicar o scaler aos novos dados de entrada
input_scaled = scaler.transform(input_df)

# Passo 4: Carregar o modelo de rede neural
model_path = 'C://Users//Leticia Carvalho//Documents//humiditytheone.keras"’
model = load_model(model_path)

# Passo 5: Converter os valores de temperatura para umidade
humidity_predictions = model.predict(input_scaled)

humi = pd.DataFrame(humidity_predictions)

humi[@]

147/147 [ ] - @s 1ms/step
19.735870

1 19.735870

2 21.508909

3 20.622389

4 17.087872

4671 238.255020
4672 238.698563
4673 235.997025
4674 236.803421
4675 236.803421
Name: @, Length: 4676, dtype: float32

# Transformar a umidade prevista em uma matriz da mesma forma que a imagem original
humidity_image = humidity_predictions.reshape(image.shape)

# Garantir que os maiores valores fiquem na base da imagem
humiditv _image = np.flipud(humiditv image)

Loading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js

# Passo 10: Criar o mapa de calor com base nos valores reais de umidade

127.0.0.1:8888/nbconvert/html/Documents/Transformagao imagem térmica-R01.ipynb?download=false 12
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plt.figure(figsize=(8, 6))

plt.imshow(humidity_image, cmap='viridis', aspect='auto', origin='lower")
plt.colorbar(label="Moisture Content [kg/m3]') # Adicionar barra de cores

plt.title('Heatmap of Humidity Values')
plt.xlabel('X-axis")
plt.ylabel('Y-axis")

plt.show()

Heatmap of Humidity Values

160

140

120

100

80

Y-axis

60

20

Transformagéo imagem térmica-R01

X-axis

‘ Loading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js ‘

127.0.0.1:8888/nbconvert/html/Documents/Transformagao imagem térmica-R01.ipynb?download=false
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03/03/2025, 16:52 Taxa de evaporagéo - calculo w - 2560WUFI

#Ler os inputs wcap, wfree, td, t

import numpy as np

import pandas as pd

import seaborn as sns

from matplotlib import pyplot as plt
from sklearn.metrics import r2_score

df = pd.read_excel('inputs-taxaevaporacao-2560WUFI.x1sx")
df

wcap wcrit wequil td d A V stage tf

0 202 967 1404 32 002 004 0.0008 1 147

wcap = df['wcap']

werit = df['werit']

wequil = df['wequil’]

wequil = wequil[@]

td = df['td']

d = df['d"]

stage = df['stage’']

stage = stage[0]

tf = df["tf']

tf = tf[e]

evap = (wcap - wcrit) * d / td
evap = evap[0]

#evap2 = evap - evap * ((AT1-AT2)/AT1)
#evap2 = evap2[0]

wcap = wcap[0]

werit = werit[0]

td = td[e]

print (wcap, wcrit, td)

202 96.7 32

x1, yl = 0.00001, wcap
X2, y2 = td, wcrit

**

Calculando a inclinag¢do (m) e o intercepto (c)
= (y2 - y1) / (x2 - x1)
c=yl -m*x1

E]
I

print(f"A equacdo da reta é: y = {m:.2f}x + {c:.2f}")
# Definindo os coeficientes da funcdo exponencial

z1, wl = td, wcrit

z2, w2 = tf, wequil

# Encontrando b a partir dos pontos

b = np.log(w2/wl) / (z2-z1)

# Encontrando a usando o valor de b e um dos pontos
a =wl/ np.exp(b * z1)

print(f"Coeficientes calculados: a = {a:.6f}, b = {b:.6f}")
'''# Definindo o intervalo de x para ambos os graficos
x_values = np.linspace(®, 150, 100)'"'"

# Definindo o intervalo de x para a reta (somente até o ponto de encontro)
x_values_line = np.linspace(-2, 32, 150)

# Definindo o intervalo de x para a exponencial (somente a partir do ponto de encontro)
x_values_exp = np.linspace(32, 400, 500)

# Calculando os valores da funcdo exponencial
y_exp = a * np.exp(b * x_values_exp)

# Calculando os valores da reta
y_line = m * x_values_line + ¢

# Criando o grdfico
plt.figure(figsize=(10, 6))

'"'# Plotando a funcdo exponencial
plt.plot(x_values, y_exp, label=fr'Exponencial: $y = {a:.4f} \cdot e"{{{b:.4f}x}}$"', color='blue')

# Plotando a reta
plt.plot(x_values, y line, label=f'Reta: y = {m:.2f}x + {c:.2f}', color="green')

# Plotando a reta (até x = 8)
plt.plot(x_values_line, y_line, label=f'First drying phase: y = {m:.2f}x + {c:.2f}', color="green')

# Plotando a func¢do exponencial (a partir de x = 8)
plt.plot(x_values_exp, y_exp, label=fr'Second drying phase: $y = {a:.4f} \cdot e"{{{b:.4f}x}}$', color='blue')

# Destacando o ponto em comum (8, 179)
plt.scatter([td], [wcrit], color='red', zorder=5, label='Common point (td, wcrit)', s=200)

# Pontos adicionais fornecidos

pontos_x = np.array([0.00,3.00,6.00,20.00,25.00,29.00,32.00,34.00,35.00,36.00,37.00,38.00,39.00,40.00,41.00,42.00,43.00,44.00,45.00,46.00,47.00,48.00
pontos_y = np.array([202.00,190.89,180.74,134.20,118.22,105.79,96.70,90.89,88.09,85.38,82.77,80.35,78.07,75.92,73.87,71.93,70.067,68.30,66.62,65.02,63
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# Plotando os pontos adicionais
plt.scatter(pontos_x, pontos_y, color='red', zorder=5,

# Ajustando os limites dos eixos
plt.xlim(-2, 150) # Intervalo para o eixo x de -2 a 1
plt.ylim(@, 250) # Intervalo para o eixo y de 250 a

# Adicionando rétulos e titulo

plt.xlabel('Time [h]', fontsize = 16)
plt.ylabel('Moisture Content [kg/m3]',fontsize = 16)
plt.title('Grafico Combinado: Reta e Exponencial')
plt.axhline(®, color='black', linewidth=0.5)
plt.axvline(@, color='black', linewidth=0.5)
plt.grid(True, linestyle='--', alpha=0.6)
plt.legend()

# Exibindo o grdfico
plt.show()

A equagdo da reta é: y = -3.29x + 202.00
Coeficientes calculados: a = 165.434317, b = -0.016780

Taxa de evaporagéo - calculo w - 2560WUFI

label="Simulation', s=50)

50
@ (invertido)

Gréfico Combinado: Reta e Exponencial
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# Separando os pontos conforme as fases
pontos_x_line = pontos_x[pontos_x <= td] # Pontos na
pontos_y_line = pontos_y[pontos_x <= td]

Time [h]

fase Llinear

pontos_x_exp = pontos_x[pontos_x > td] # Pontos na fase exponencial

pontos_y_exp = pontos_y[pontos_x > td]

# Calculando os valores previstos pelo algoritmo
y_pred_line = m * pontos_x_line + ¢ # Fase Llinear

y_pred_exp = a * np.exp(b * pontos_x_exp) # Fase exponencial

# Concatenando previsées e reais para cdlculo geral de R?
pontos_x_all = np.concatenate([pontos_x_line, pontos_x_exp])
pontos_y_all = np.concatenate([pontos_y_line, pontos_y_exp])
y_pred_all = np.concatenate([y_pred_line, y_pred_exp])

# Cdlculo do coeficiente de determinacdo R?
r2_total = r2_score(pontos_y_all, y pred_all)

# Exibir os valores de R?
print(f"R2? geral: {r2_total:.4f}")

R2 geral: ©.9591
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#Ler os inputs wcap, wfree, td, t

import numpy as np

import pandas as pd

import seaborn as sns

from matplotlib import pyplot as plt
from sklearn.metrics import r2_score

df = pd.read_excel('inputs-taxaevaporacao-2560.x1sx")
df

wcap wcrit wequil td d A V stage tf

0 219 179 388 8 0.02 0.04 0.0008 1 144

wcap = df['wcap']

werit = df['werit']

wequil = df['wequil’]

wequil = wequil[@]

td = df['td']

d = df['d"]

stage = df['stage’']

stage = stage[0]

tf = df["tf']

tf = tf[e]

evap = (wcap - wcrit) * d / td
evap = evap[0]

#evap2 = evap - evap * ((AT1-AT2)/AT1)
#evap2 = evap2[0]

wcap = wcap[0]

werit = werit[0]

td = td[e]

print (wcap, wcrit, td)

219 179 8

x1, yl = 0.00001, wcap
X2, y2 = td, wcrit

**

Calculando a inclinag¢do (m) e o intercepto (c)
= (y2 - y1) / (x2 - x1)
c=yl -m*x1

E]
I

print(f"A equacdo da reta é: y = {m:.2f}x + {c:.2f}")
# Definindo os coeficientes da funcdo exponencial

z1, wl = td, wcrit

z2, w2 = tf, wequil

# Encontrando b a partir dos pontos

b = np.log(w2/wl) / (z2-z1)

# Encontrando a usando o valor de b e um dos pontos
a =wl/ np.exp(b * z1)

print(f"Coeficientes calculados: a = {a:.6f}, b = {b:.6f}")

'''# Definindo o intervalo de x para ambos os graficos
x_values = np.linspace(®, 150, 100)'"'"

Taxa de evaporagao - calculo w - 2560

# Definindo o intervalo de x para a reta (somente até o ponto de encontro)

x_values_line = np.linspace(-2, 8, 500)

# Definindo o intervalo de x para a exponencial (somente a partir do ponto de encontro)

x_values_exp = np.linspace(8, 150, 500)

# Calculando os valores da funcdo exponencial
y_exp = a * np.exp(b * x_values_exp)

# Calculando os valores da reta
y_line = m * x_values_line + ¢

# Criando o grdfico
plt.figure(figsize=(10, 6))

'"'# Plotando a funcdo exponencial

plt.plot(x_values, y_exp, label=fr'Exponencial: $y = {a:.4f} \cdot e"{{{b:.4f}x}}$"', color='blue')

# Plotando a reta

plt.plot(x_values, y line, label=f'Reta: y = {m:.2f}x + {c:.2f}', color="green')

# Plotando a reta (até x = 8)

plt.plot(x_values_line, y_line, label=f'First drying phase: y = {m:.2f}x + {c:.2f}', color="green')

# Plotando a func¢do exponencial (a partir de x = 8)

plt.plot(x_values_exp, y_exp, label=fr'Second drying phase: $y = {a:.4f}

# Destacando o ponto em comum (8, 179)

plt.scatter([td], [wcrit], color='red', zorder=5, label='Commom point (td, wcrit)', s=200)

# Pontos adicionais fornecidos

pontos_x = np.array([e, 0.5, 1, 2, 4, 7.5, 24, 28, 31, 48, 56, 72, 79, 144])

nontos v = nn.arrav([219. 214.63. 211.47, 206.39, 196.41, 179.61, 113.41, 104.77, 99.27, 77.72, 70.73, 60.1, 56.2, 38.81])

‘ Loading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js ‘
# Plotando os pontos adicionais
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plt.scatter(pontos_x, pontos_y, color='red', zorder=5, label='Laboratory tests', s=50)

# Ajustando os limites dos eixos
plt.xlim(-2, 150) # Intervalo para o eixo x de -2 a 150
plt.ylim(@, 250) # Intervalo para o eixo y de 2560 a @ (invertido)

# Adicionando rdétulos e titulo

plt.xlabel('Time [h]', fontsize = 16)
plt.ylabel('Moisture Content [kg/m3]',fontsize = 16)
plt.title('Grafico Combinado: Reta e Exponencial')
plt.axhline(®, color='black', linewidth=0.5)
plt.axvline(@, color='black', linewidth=0.5)
plt.grid(True, linestyle='--', alpha=0.6)
plt.legend()

# Exibindo o grdfico
plt.show()

A equagdo da reta é: y = -5.00x + 219.00
Coeficientes calculados: a = 195.845279, b = -0.011242

Gréfico Combinado: Reta e Exponencial
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# Separando os pontos conforme as fases
pontos_x_line = pontos_x[pontos_x <= td] # Pontos na fase Linear
pontos_y_line = pontos_y[pontos_x <= td]

pontos_x_exp = pontos_x[pontos_x > td] # Pontos na fase exponencial
pontos_y_exp = pontos_y[pontos_x > td]

# Calculando os valores previstos pelo algoritmo
y_pred_line = m * pontos_x_line + ¢ # Fase Llinear
y_pred_exp = a * np.exp(b * pontos_x_exp) # Fase exponencial
# Concatenando previsées e reais para cdlculo geral de R?
pontos_x_all = np.concatenate([pontos_x_line, pontos_x_exp])
pontos_y_all = np.concatenate([pontos_y_line, pontos_y_exp])
y_pred_all = np.concatenate([y_pred_line, y_pred_exp])

# Cdlculo do coeficiente de determinacdo R?

r2_total = r2_score(pontos_y_all, y pred_all)

# Exibir os valores de R?

print(f"R2? geral: {r2_total:.4f}")

R2 geral: 0.8676

‘ Loading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js ‘
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#Ler os inputs wcap, wfree, td, t

import numpy as np

import pandas as pd

import seaborn as sns

from matplotlib import pyplot as plt
from sklearn.metrics import r2_score

df = pd.read_excel('inputs-taxaevaporacao-2070.x1lsx")
df

wcap wcrit wequil td d A V stage tf

0 199 123 3469 30 0.02 0.04 0.0008 1 336

wcap = df['wcap']

werit = df['werit']

wequil = df['wequil’]

wequil = wequil[@]

td = df['td']

d = df['d"]

stage = df['stage’']

stage = stage[0]

tf = df["tf']

tf = tf[e]

evap = (wcap - wcrit) * d / td
evap = evap[0]

#evap2 = evap - evap * ((AT1-AT2)/AT1)
#evap2 = evap2[0]

wcap = wcap[0]

werit = werit[0]

td = td[e]

print (wcap, wcrit, td)

199 123 30

x1, yl = 0.00001, wcap
X2, y2 = td, wcrit

**

Calculando a inclinag¢do (m) e o intercepto (c)
= (y2 - y1) / (x2 - x1)
c=yl -m*x1

E]
I

print(f"A equacdo da reta é: y = {m:.2f}x + {c:.2f}")
# Definindo os coeficientes da funcdo exponencial

z1, wl = td, wcrit

z2, w2 = tf, wequil

# Encontrando b a partir dos pontos

b = np.log(w2/wl) / (z2-z1)

# Encontrando a usando o valor de b e um dos pontos
a =wl/ np.exp(b * z1)

print(f"Coeficientes calculados: a = {a:.6f}, b = {b:.6f}")
'''# Definindo o intervalo de x para ambos os graficos
x_values = np.linspace(®, 150, 100)'"'"

# Definindo o intervalo de x para a reta (somente até o ponto de encontro)
x_values_line = np.linspace(-2, 30, 500)

# Definindo o intervalo de x para a exponencial (somente a partir do ponto de encontro)
x_values_exp = np.linspace(30, 400, 500)

# Calculando os valores da funcdo exponencial
y_exp = a * np.exp(b * x_values_exp)

# Calculando os valores da reta
y_line = m * x_values_line + ¢

# Criando o grdfico
plt.figure(figsize=(10, 6))

'"'# Plotando a funcdo exponencial
plt.plot(x_values, y_exp, label=fr'Exponencial: $y = {a:.4f} \cdot e"{{{b:.4f}x}}$"', color='blue')

# Plotando a reta
plt.plot(x_values, y line, label=f'Reta: y = {m:.2f}x + {c:.2f}', color="green')

# Plotando a reta (até x = 8)
plt.plot(x_values_line, y_line, label=f'First drying phase: y = {m:.2f}x + {c:.2f}', color="green')

# Plotando a func¢do exponencial (a partir de x = 8)
plt.plot(x_values_exp, y_exp, label=fr'Second drying phase: $y = {a:.4f} \cdot e"{{{b:.4f}x}}$', color='blue')

# Destacando o ponto em comum (8, 179)
plt.scatter([td], [wcrit], color='red', zorder=5, label='Commom point (td, wcrit)', s=100)

# Pontos adicionais fornecidos
pontos_x = np.array([e,0.5,1,2,4,7.5,24,30,96,102,120,146,196,268,311,336])
pontos_y = np.array([199.88,197.18,195.33,192.63,186.98,177.98,137.15,123.13,56.26,54.10,48.80,43.48,38.16,35.70,35.16,34.69])

# Plotando os pontos adicionais
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plt.scatter(pontos_x, pontos_y, color='red', zorder=5, label='Laboratory tests', s=50)

# Ajustando os limites dos eixos
plt.xlim(-2, 400) # Intervalo para o eixo x de -2 a 150
plt.ylim(@, 250) # Intervalo para o eixo y de 2560 a @ (invertido)

# Adicionando rdétulos e titulo

plt.xlabel('Time [h]',fontsize = 16)
plt.ylabel('Moisture Content [kg/m®]', fontsize = 16)
plt.title('Grafico Combinado: Reta e Exponencial')
plt.axhline(®, color='black', linewidth=0.5)
plt.axvline(@, color='black', linewidth=0.5)
plt.grid(True, linestyle='--', alpha=0.6)
plt.legend()

# Exibindo o grdfico
plt.show()

A equagdo da reta é: y = -2.53x + 199.00
Coeficientes calculados: a = 139.250687, b = -0.004136

Gréfico Combinado: Reta e Exponencial
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# Separando os pontos conforme as fases
pontos_x_line = pontos_x[pontos_x <= td] # Pontos na fase Linear
pontos_y_line = pontos_y[pontos_x <= td]

pontos_x_exp = pontos_x[pontos_x > td] # Pontos na fase exponencial
pontos_y_exp = pontos_y[pontos_x > td]

# Calculando os valores previstos pelo algoritmo

y_pred_line = m * pontos_x_line + ¢ # Fase Llinear
y_pred_exp = a * np.exp(b * pontos_x_exp) # Fase exponencial
# Concatenando previsées e reais para cdlculo geral de R?
pontos_x_all = np.concatenate([pontos_x_line, pontos_x_exp])
pontos_y_all = np.concatenate([pontos_y_line, pontos_y_exp])
y_pred_all = np.concatenate([y_pred_line, y_pred_exp])

# Cdlculo do coeficiente de determinacdo R?

r2_total = r2_score(pontos_y_all, y pred_all)

# Exibir os valores de R?

print(f"R2? geral: {r2_total:.4f}")

R2 geral: 0.9246
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#Ler os inputs wcap, wfree, td, t

import numpy as np

import pandas as pd

import seaborn as sns

from matplotlib import pyplot as plt
from sklearn.metrics import r2_score

df = pd.read_excel('inputs-taxaevaporacao-1580.x1sx")
df

wcap wcrit wequil td d A V stage tf

0 209 140 5874 52 0.2 0.04 0.0008 1 310

wcap = df['wcap']

werit = df['werit']

wequil = df['wequil’]

wequil = wequil[@]

td = df['td']

d = df['d"]

stage = df['stage’']

stage = stage[0]

tf = df["tf']

tf = tf[e]

evap = (wcap - wcrit) * d / td
evap = evap[0]

#evap2 = evap - evap * ((AT1-AT2)/AT1)
#evap2 = evap2[0]

wcap = wcap[0]

werit = werit[0]

td = td[e]

print (wcap, wcrit, td)

209 140 52

x1, yl = 0.00001, wcap
X2, y2 = td, wcrit

**

Calculando a inclinag¢do (m) e o intercepto (c)
= (y2 - y1) / (x2 - x1)
c=yl -m*x1

E]
I

print(f"A equacdo da reta é: y = {m:.2f}x + {c:.2f}")
# Definindo os coeficientes da funcdo exponencial

z1, wl = td, wcrit

z2, w2 = tf, wequil

# Encontrando b a partir dos pontos

b = np.log(w2/wl) / (z2-z1)

# Encontrando a usando o valor de b e um dos pontos
a =wl/ np.exp(b * z1)

print(f"Coeficientes calculados: a = {a:.6f}, b = {b:.6f}")

'''# Definindo o intervalo de x para ambos os graficos
x_values = np.linspace(®, 150, 100)'"'"

Taxa de evaporacgao - calculo w - 1580

# Definindo o intervalo de x para a reta (somente até o ponto de encontro)

x_values_line = np.linspace(-2, 52, 500)

# Definindo o intervalo de x para a exponencial (somente a partir do ponto de encontro)

x_values_exp = np.linspace(52, 400, 500)

# Calculando os valores da funcdo exponencial
y_exp = a * np.exp(b * x_values_exp)

# Calculando os valores da reta
y_line = m * x_values_line + ¢

# Criando o grdfico
plt.figure(figsize=(10, 6))

'"'# Plotando a funcdo exponencial

plt.plot(x_values, y_exp, label=fr'Exponencial: $y = {a:.4f} \cdot e"{{{b:.4f}x}}$"', color='blue')

# Plotando a reta

plt.plot(x_values, y line, label=f'Reta: y = {m:.2f}x + {c:.2f}', color="green')

# Plotando a reta (até x = 8)

plt.plot(x_values_line, y_line, label=f'First drying phase: y = {m:.2f}x + {c:.2f}', color="green')

# Plotando a func¢do exponencial (a partir de x = 8)

plt.plot(x_values_exp, y_exp, label=fr'Second drying phase: $y = {a:.4f}

# Destacando o ponto em comum (8, 179)

plt.scatter([td], [wcrit], color='red', zorder=5, label='Commom point (td, wcrit)', s=200)

# Pontos adicionais fornecidos

pontos_x = np.array([e,0.5,1,2,4,20,24,28,46,48,52,70,94,168,216,262,310])

nontos v = nn.arrav([209.00. 207.59.206.88,204.55,201.81,180.31,174.77,169.95,147.47,144.88,140.12,120.71,99.24,71.29,64.54,61.02,58.74])

‘ Loading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js ‘
# Plotando os pontos adicionais
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Taxa de evaporagéao - calculo w - 1580

plt.scatter(pontos_x, pontos_y, color='red', zorder=5, label='Laboratory tests', s=50)

# Ajustando os limites dos eixos

plt.xlim(-2, 400) # Intervalo para o eixo x de -2 a 150
plt.ylim(@, 250) # Intervalo para o eixo y de 2560 a @ (invertido)

# Adicionando rdétulos e titulo

plt.xlabel('Time [h]', fontsize = 16)

plt.ylabel('Moisture Content [kg/m®]', fontsize = 16)
plt.title('Grafico Combinado: Reta e Exponencial')
plt.axhline(®, color='black', linewidth=0.5)
plt.axvline(@, color='black', linewidth=0.5)
plt.grid(True, linestyle='--', alpha=0.6)

plt.legend()

# Exibindo o grdfico
plt.show()

A equagdo da reta é: y = -1.33x + 209.00

Coeficientes calculados: a = 166.782950, b = -0.003366

Gréfico Combinado: Reta e Exponencial
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# Separando os pontos conforme as fases
pontos_x_line = pontos_x[pontos_x <= td]
pontos_y_line = pontos_y[pontos_x <= td]

pontos_x_exp = pontos_x[pontos_x > td]
pontos_y_exp = pontos_y[pontos_x > td]

Time [h]

# Pontos na fase Llinear

# Pontos na fase exponencial

# Calculando os valores previstos pelo algoritmo

y_pred_line = m * pontos_x_line + ¢

# Fase Linear
y_pred_exp = a * np.exp(b * pontos_x_exp)

# Fase exponencial

# Concatenando previsées e reais para cdlculo geral de R?
pontos_x_all = np.concatenate([pontos_x_line, pontos_x_exp])
pontos_y_all = np.concatenate([pontos_y_line, pontos_y_exp])
y_pred_all = np.concatenate([y_pred_line, y_pred_exp])

# Cdlculo do coeficiente de determinacdo R?

r2_total = r2_score(pontos_y_all, y pred_all)

# Exibir os valores de R?
print(f"R2? geral: {r2_total:.4f}")

R2 geral: ©.9700

‘ Loading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js ‘

127.0.0.1:8888/nbconvert/html/Documents/Taxa de evaporagéo - calculo w - 1580.ipynb?download=false
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Case Time T HR Moisture content [kg/m3] | AT [°C]
A 0.00 20.00 70.00 202.00 0.00
A 3.00 20.00 70.00 195.40 1.75
A 7.00 20.00 70.00 187.27 1.81
A 31.00 20.00 70.00 139.34 1.77
A 38.00 20.00 70.00 125.83 1.72
A 45.00 20.00 70.00 112.71 1.68
A 51.00 20.00 70.00 101.79 1.63
A 57.00 20.00 70.00 91.18 1.59
A 61.00 20.00 70.00 84.31 1.55
A 63.00 20.00 70.00 81.01 1.50
A 65.00 20.00 70.00 77.80 1.46
A 67.00 20.00 70.00 74.71 1.41
A 69.00 20.00 70.00 71.75 1.35
A 70.00 20.00 70.00 70.32 1.32
A 71.00 20.00 70.00 68.93 1.29
A 72.00 20.00 70.00 67.60 1.23
A 73.00 20.00 70.00 66.33 1.18
A 74.00 20.00 70.00 65.12 1.13
A 75.00 20.00 70.00 63.94 1.09
A 76.00 20.00 70.00 62.81 1.05
A 77.00 20.00 70.00 61.72 1.01
A 79.00 20.00 70.00 59.65 0.94
A 80.00 20.00 70.00 58.66 0.91
A 82.00 20.00 70.00 56.77 0.86
A 84.00 20.00 70.00 54.98 0.81
A 86.00 20.00 70.00 53.30 0.77
A 88.00 20.00 70.00 51.70 0.72
A 90.00 20.00 70.00 50.18 0.69
A 93.00 20.00 70.00 48.06 0.63
A 96.00 20.00 70.00 46.10 0.58
A 99.00 20.00 70.00 44.29 0.54
A 102.00 20.00 70.00 42.61 0.50
A 106.00 20.00 70.00 40.56 0.45
A 110.00 20.00 70.00 38.69 0.41
A 115.00 20.00 70.00 36.58 0.37
A 121.00 20.00 70.00 34.34 0.32
A 128.00 20.00 70.00 32.06 0.27
A 137.00 20.00 70.00 29.58 0.23
A 148.00 20.00 70.00 27.10 0.18
A 161.00 20.00 70.00 24.81 0.14
A 178.00 20.00 70.00 22.68 0.09
A 206.00 20.00 70.00 20.59 0.05
A 2928.00 20.00 70.00 18.20 0.00
B 0.00 25.00 60.00 202.00 0.00
B 3.00 25.00 60.00 190.89 2.92
B 6.00 25.00 60.00 180.74 3.00




B 20.00 25.00 60.00 134.20 2.92
B 25.00 25.00 60.00 118.22 2.85
B 29.00 25.00 60.00 105.79 2.78
B 32.00 25.00 60.00 96.70 2.73
B 34.00 25.00 60.00 90.89 2.62
B 35.00 25.00 60.00 88.09 2.56
B 36.00 25.00 60.00 85.38 2.49
B 37.00 25.00 60.00 82.77 2.40
B 38.00 25.00 60.00 80.35 2.26
B 39.00 25.00 60.00 78.07 2.13
B 40.00 25.00 60.00 75.92 2.01
B 41.00 25.00 60.00 73.87 1.90
B 42.00 25.00 60.00 71.93 1.81
B 43.00 25.00 60.00 70.07 1.72
B 44.00 25.00 60.00 68.30 1.64
B 45.00 25.00 60.00 66.62 1.56
B 46.00 25.00 60.00 65.02 1.48
B 47.00 25.00 60.00 63.49 1.41
B 48.00 25.00 60.00 62.02 1.35
B 49.00 25.00 60.00 60.62 1.29
B 51.00 25.00 60.00 57.98 1.19
B 52.00 25.00 60.00 56.73 1.14
B 54.00 25.00 60.00 54.38 1.06
B 56.00 25.00 60.00 52.19 0.98
B 58.00 25.00 60.00 50.15 0.92
B 61.00 25.00 60.00 47.33 0.83
B 64.00 25.00 60.00 44.76 0.75
B 68.00 25.00 60.00 41.67 0.67
B 72.00 25.00 60.00 38.91 0.59
B 76.00 25.00 60.00 36.44 0.53
B 82.00 25.00 60.00 33.18 0.45
B 89.00 25.00 60.00 29.95 0.38
B 98.00 25.00 60.00 26.54 0.30
B 109.00 25.00 60.00 23.26 0.23
B 123.00 25.00 60.00 20.28 0.15
B 147.00 25.00 60.00 17.29 0.07
B 2928.00 25.00 60.00 14.04 0.00
C 0.00 15.00 80.00 202.00 0.00
C 3.00 15.00 80.00 198.59 0.92
C 7.00 15.00 80.00 194.33 0.95
C 44.00 15.00 80.00 155.68 0.93
C 66.00 15.00 80.00 133.31 0.91
C 75.00 15.00 80.00 124.46 0.88
C 85.00 15.00 80.00 114.91 0.86
C 94.00 15.00 80.00 106.57 0.83
C 103.00 15.00 80.00 98.46 0.81
C 113.00 15.00 80.00 89.72 0.79




C 122.00 15.00 80.00 82.11 0.76
C 131.00 15.00 80.00 74.73 0.74
C 135.00 15.00 80.00 71.58 0.71
C 138.00 15.00 80.00 69.29 0.69
C 142.00 15.00 80.00 66.34 0.67
C 146.00 15.00 80.00 63.51 0.64
C 149.00 15.00 80.00 61.46 0.62
C 152.00 15.00 80.00 59.50 0.60
C 155.00 15.00 80.00 57.61 0.57
C 158.00 15.00 80.00 55.79 0.55
C 161.00 15.00 80.00 54.05 0.53
C 165.00 15.00 80.00 51.85 0.50
C 166.00 15.00 80.00 51.33 0.48
C 168.00 15.00 80.00 50.34 0.46
C 171.00 15.00 80.00 48.93 0.42
C 173.00 15.00 80.00 48.04 0.41
C 176.00 15.00 80.00 46.78 0.38
C 179.00 15.00 80.00 45.59 0.36
C 183.00 15.00 80.00 44.11 0.33
C 187.00 15.00 80.00 42.74 0.31
C 191.00 15.00 80.00 41.46 0.29
C 196.00 15.00 80.00 39.99 0.26
C 202.00 15.00 80.00 38.37 0.24
C 208.00 15.00 80.00 36.91 0.21
C 215.00 15.00 80.00 35.38 0.19
C 224.00 15.00 80.00 33.64 0.17
C 234.00 15.00 80.00 31.97 0.14
C 245.00 15.00 80.00 30.40 0.12
C 260.00 15.00 80.00 28.64 0.10
C 278.00 15.00 80.00 27.00 0.07
C 302.00 15.00 80.00 25.45 0.05
C 342.00 15.00 80.00 23.93 0.02
C 2928.00 15.00 80.00 22.36 0.00
1 0.00 7.00 53.73 202.00 0.00
1 4.00 7.00 53.73 195.35 1.42
1 8.00 7.00 53.73 188.94 1.45
1 45.00 7.00 53.73 130.48 1.41
1 59.00 7.00 53.73 109.21 1.37
1 69.00 7.00 53.73 94.46 1.34
1 74.00 7.00 53.73 87.27 1.31
1 78.00 7.00 53.73 81.73 1.26
1 80.00 7.00 53.73 79.05 1.23
1 82.00 7.00 53.73 76.45 1.20
1 83.00 7.00 53.73 75.20 1.17
1 84.00 7.00 53.73 73.99 1.13
1 85.00 7.00 53.73 72.83 1.09
1 86.00 7.00 53.73 71.70 1.06




1 87.00 7.00 53.73 70.61 1.02
1 89.00 7.00 53.73 68.52 0.97
1 90.00 7.00 53.73 67.51 0.94
1 91.00 7.00 53.73 66.54 0.91
1 93.00 7.00 53.73 64.66 0.86
1 94.00 7.00 53.73 63.77 0.84
1 96.00 7.00 53.73 62.06 0.79
1 97.00 7.00 53.73 61.24 0.77
1 99.00 7.00 53.73 59.67 0.72
1 101.00 7.00 53.73 58.18 0.68
1 103.00 7.00 53.73 56.77 0.65
1 105.00 7.00 53.73 55.42 0.62
1 108.00 7.00 53.73 53.52 0.58
1 111.00 7.00 53.73 51.74 0.54
1 114.00 7.00 53.73 50.07 0.51
1 117.00 7.00 53.73 48.49 0.48
1 122.00 7.00 53.73 46.07 0.43
1 126.00 7.00 53.73 44.29 0.40
1 132.00 7.00 53.73 41.84 0.36
1 138.00 7.00 53.73 39.63 0.33
1 145.00 7.00 53.73 37.31 0.29
1 154.00 7.00 53.73 34.67 0.25
1 164.00 7.00 53.73 32.11 0.22
1 177.00 7.00 53.73 29.29 0.18
1 193.00 7.00 53.73 26.41 0.15
1 215.00 7.00 53.73 23.31 0.11
1 246.00 7.00 53.73 20.18 0.07
1 306.00 7.00 53.73 16.62 0.04
1 2928.00 7.00 53.73 12.34 0.00
2 0.00 16.21 79.67 202.00 0.00
2 3.00 16.21 79.67 198.30 0.99
2 7.00 16.21 79.67 193.71 1.03
2 42.00 16.21 79.67 154.28 1.00
2 61.00 16.21 79.67 133.43 0.98
2 70.00 16.21 79.67 123.88 0.95
2 79.00 16.21 79.67 114.61 0.92
2 88.00 16.21 79.67 105.61 0.90
2 96.00 16.21 79.67 97.85 0.87
2 105.00 16.21 79.67 89.36 0.85
2 114.00 16.21 79.67 81.15 0.82
2 121.00 16.21 79.67 74.96 0.80
2 125.00 16.21 79.67 71.57 0.77
2 128.00 16.21 79.67 69.11 0.74
2 131.00 16.21 79.67 66.73 0.72
2 135.00 16.21 79.67 63.67 0.69
2 138.00 16.21 79.67 61.48 0.66
2 140.00 16.21 79.67 60.07 0.65




2 143.00 16.21 79.67 58.02 0.62
2 146.00 16.21 79.67 56.07 0.59
2 149.00 16.21 79.67 54.20 0.57
2 151.00 16.21 79.67 53.00 0.55
2 153.00 16.21 79.67 51.88 0.52
2 155.00 16.21 79.67 50.81 0.49
2 157.00 16.21 79.67 49.79 0.46
2 160.00 16.21 79.67 48.35 0.43
2 162.00 16.21 79.67 47.45 0.41
2 165.00 16.21 79.67 46.16 0.39
2 169.00 16.21 79.67 44.55 0.36
2 173.00 16.21 79.67 43.07 0.33
2 177.00 16.21 79.67 41.70 0.31
2 182.00 16.21 79.67 40.11 0.28
2 187.00 16.21 79.67 38.67 0.26
2 193.00 16.21 79.67 37.09 0.23
2 200.00 16.21 79.67 35.44 0.21
2 208.00 16.21 79.67 33.77 0.18
2 217.00 16.21 79.67 32.13 0.16
2 229.00 16.21 79.67 30.28 0.13
2 243.00 16.21 79.67 28.52 0.10
2 260.00 16.21 79.67 26.85 0.08
2 282.00 16.21 79.67 25.31 0.05
2 321.00 16.21 79.67 23.71 0.03
2 2928.00 16.21 79.67 22.22 0.00
3 0.00 7.86 75.70 202.00 0.00
3 4.00 7.86 75.70 198.34 0.78
3 8.00 7.86 75.70 194.81 0.80
3 64.00 7.86 75.70 146.34 0.78
3 84.00 7.86 75.70 129.49 0.76
3 98.00 7.86 75.70 118.07 0.74
3 112.00 7.86 75.70 106.99 0.72
3 125.00 7.86 75.70 97.00 0.70
3 138.00 7.86 75.70 87.31 0.68
3 151.00 7.86 75.70 77.91 0.66
3 158.00 7.86 75.70 73.00 0.64
3 162.00 7.86 75.70 70.30 0.62
3 167.00 7.86 75.70 67.03 0.60
3 171.00 7.86 75.70 64.49 0.58
3 175.00 7.86 75.70 62.05 0.56
3 179.00 7.86 75.70 59.70 0.54
3 182.00 7.86 75.70 58.01 0.52
3 186.00 7.86 75.70 55.83 0.50
3 188.00 7.86 75.70 54.79 0.48
3 190.00 7.86 75.70 53.79 0.46
3 192.00 7.86 75.70 52.84 0.44
3 194.00 7.86 75.70 51.93 0.42




3 197.00 7.86 75.70 50.63 0.40
3 200.00 7.86 75.70 49.40 0.38
3 203.00 7.86 75.70 48.22 0.36
3 206.00 7.86 75.70 47.11 0.34
3 210.00 7.86 75.70 45.71 0.32
3 214.00 7.86 75.70 44.39 0.30
3 219.00 7.86 75.70 42.84 0.28
3 224.00 7.86 75.70 41.41 0.26
3 230.00 7.86 75.70 39.81 0.24
3 236.00 7.86 75.70 38.35 0.22
3 243.00 7.86 75.70 36.77 0.20
3 251.00 7.86 75.70 35.14 0.18
3 261.00 7.86 75.70 33.32 0.16
3 271.00 7.86 75.70 31.72 0.14
3 282.00 7.86 75.70 30.18 0.12
3 296.00 7.86 75.70 28.53 0.10
3 313.00 7.86 75.70 26.88 0.08
3 334.00 7.86 75.70 25.30 0.06
3 362.00 7.86 75.70 23.80 0.04
3 411.00 7.86 75.70 22.24 0.02
3 2928.00 7.86 75.70 20.57 0.00
4 0.00 9.75 83.06 202.00 0.00
4 4.00 9.75 83.06 199.15 0.61
4 8.00 9.75 83.06 196.42 0.62
4 56.00 9.75 83.06 164.22 0.60
4 99.00 9.75 83.06 136.17 0.58
4 112.00 9.75 83.06 127.96 0.57
4 125.00 9.75 83.06 119.99 0.55
4 138.00 9.75 83.06 112.24 0.54
4 151.00 9.75 83.06 104.72 0.52
4 164.00 9.75 83.06 97.41 0.51
4 178.00 9.75 83.06 89.80 0.49
4 191.00 9.75 83.06 82.95 0.48
4 205.00 9.75 83.06 75.82 0.46
4 218.00 9.75 83.06 69.41 0.45
4 223.00 9.75 83.06 67.04 0.43
4 229.00 9.75 83.06 64.31 0.41
4 234.00 9.75 83.06 62.11 0.40
4 240.00 9.75 83.06 59.56 0.39
4 246.00 9.75 83.06 57.12 0.37
4 251.00 9.75 83.06 55.18 0.35
4 256.00 9.75 83.06 53.32 0.34
4 261.00 9.75 83.06 51.54 0.32
4 266.00 9.75 83.06 49.85 0.31
4 271.00 9.75 83.06 48.23 0.29
4 277.00 9.75 83.06 46.40 0.28
4 282.00 9.75 83.06 44.95 0.26




4 285.00 9.75 83.06 44.13 0.25
4 289.00 9.75 83.06 43.11 0.23
4 293.00 9.75 83.06 42.16 0.22
4 298.00 9.75 83.06 41.05 0.20
4 303.00 9.75 83.06 40.02 0.19
4 309.00 9.75 83.06 38.88 0.17
4 316.00 9.75 83.06 37.66 0.15
4 324.00 9.75 83.06 36.40 0.14
4 333.00 9.75 83.06 35.13 0.12
4 344.00 9.75 83.06 33.77 0.11
4 356.00 9.75 83.06 32.48 0.09
4 371.00 9.75 83.06 31.11 0.08
4 389.00 9.75 83.06 29.77 0.06
4 412.00 9.75 83.06 28.43 0.05
4 442.00 9.75 83.06 27.19 0.03
4 492.00 9.75 83.06 25.98 0.02
4 2928.00 9.75 83.06 24.73 0.00
5 0.00 16.78 64.61 202.00 0.00
5 3.00 16.78 64.61 195.34 1.78
5 7.00 16.78 64.61 187.07 1.85
5 32.00 16.78 64.61 136.21 1.81
5 40.00 16.78 64.61 120.52 1.76
5 47.00 16.78 64.61 107.18 1.71
5 54.00 16.78 64.61 94.23 1.67
5 58.00 16.78 64.61 87.04 1.62
5 60.00 16.78 64.61 83.56 1.58
5 62.00 16.78 64.61 80.19 1.54
5 64.00 16.78 64.61 76.94 1.48
5 66.00 16.78 64.61 73.83 1.42
5 67.00 16.78 64.61 72.35 1.37
5 68.00 16.78 64.61 70.94 1.32
5 69.00 16.78 64.61 69.59 1.26
5 70.00 16.78 64.61 68.30 1.21
5 71.00 16.78 64.61 67.05 1.16
5 72.00 16.78 64.61 65.84 1.12
5 73.00 16.78 64.61 64.68 1.08
5 75.00 16.78 64.61 62.46 1.01
5 76.00 16.78 64.61 61.40 0.98
5 78.00 16.78 64.61 59.38 0.92
5 80.00 16.78 64.61 57.47 0.87
5 81.00 16.78 64.61 56.56 0.84
5 83.00 16.78 64.61 54.82 0.79
5 85.00 16.78 64.61 53.19 0.74
5 87.00 16.78 64.61 51.65 0.70
5 90.00 16.78 64.61 49.49 0.65
5 93.00 16.78 64.61 47.50 0.60
5 96.00 16.78 64.61 45.65 0.55




5 99.00 16.78 64.61 43.93 0.51
5 103.00 16.78 64.61 41.82 0.47
5 108.00 16.78 64.61 39.44 0.42
5 113.00 16.78 64.61 37.30 0.37
5 120.00 16.78 64.61 34.65 0.32
5 127.00 16.78 64.61 32.34 0.28
5 137.00 16.78 64.61 20.54 0.23
5 148.00 16.78 64.61 27.01 0.19
5 163.00 16.78 64.61 24.29 0.14
5 183.00 16.78 64.61 21.71 0.09
5 217.00 16.78 64.61 19.13 0.05
5 2928.00 16.78 64.61 15.96 0.00
6 0.00 14.98 70.42 202.00 0.00
6 3.00 14.98 70.42 196.94 1.36
6 7.00 14.98 70.42 190.63 1.41
6 41.00 14.98 70.42 137.94 1.38
6 49.00 14.98 70.42 125.96 1.35
6 58.00 14.98 70.42 112.84 1.31
6 66.00 14.98 70.42 101.52 1.28
6 74.00 14.98 70.42 90.52 1.24
6 80.00 14.98 70.42 82.50 1.21
6 83.00 14.98 70.42 78.64 1.17
6 86.00 14.98 70.42 74.91 1.13
6 88.00 14.98 70.42 72.51 1.10
6 90.00 14.98 70.42 70.18 1.07
6 92.00 14.98 70.42 67.94 1.03
6 94.00 14.98 70.42 65.77 0.99
6 95.00 14.98 70.42 64.74 0.96
6 96.00 14.98 70.42 63.75 0.93
6 97.00 14.98 70.42 62.79 0.89
6 99.00 14.98 70.42 60.96 0.84
6 100.00 14.98 70.42 60.09 0.81
6 101.00 14.98 70.42 59.24 0.79
6 103.00 14.98 70.42 57.62 0.74
6 105.00 14.98 70.42 56.07 0.71
6 107.00 14.98 70.42 54.60 0.67
6 109.00 14.98 70.42 53.21 0.64
6 112.00 14.98 70.42 51.23 0.60
6 114.00 14.98 70.42 49.98 0.57
6 117.00 14.98 70.42 48.21 0.53
6 120.00 14.98 70.42 46.55 0.50
6 124.00 14.98 70.42 44.50 0.46
6 127.00 14.98 70.42 43.09 0.43
6 131.00 14.98 70.42 41.33 0.39
6 136.00 14.98 70.42 39.33 0.35
6 141.00 14.98 70.42 37.52 0.32
6 147.00 14.98 70.42 35.57 0.28




6 154.00 14.98 70.42 33.55 0.25
6 163.00 14.98 70.42 31.30 0.21
6 173.00 14.98 70.42 29.19 0.18
6 185.00 14.98 70.42 27.09 0.14
6 201.00 14.98 70.42 24.90 0.11
6 222.00 14.98 70.42 22.85 0.07
6 257.00 14.98 70.42 20.83 0.04
6 2928.00 14.98 70.42 18.37 0.00
7 0.00 22.59 55.79 202.00 0.00
7 3.00 22.59 55.79 190.94 2.93
7 6.00 22.59 55.79 180.77 3.02
7 20.00 22.59 55.79 134.07 2.94
7 26.00 22.59 55.79 114.84 2.86
7 30.00 22.59 55.79 102.39 2.79
7 32.00 22.59 55.79 96.33 2.74
7 34.00 22.59 55.79 90.52 2.63
7 35.00 22.59 55.79 87.74 2.56
7 36.00 22.59 55.79 85.07 2.47
7 37.00 22.59 55.79 82.59 2.32
7 38.00 22.59 55.79 80.26 2.18
7 39.00 22.59 55.79 78.06 2.06
7 40.00 22.59 55.79 75.96 1.95
7 41.00 22.59 55.79 73.97 1.86
7 42.00 22.59 55.79 72.08 1.76
7 43.00 22.59 55.79 70.28 1.67
7 44.00 22.59 55.79 68.58 1.58
7 45.00 22.59 55.79 66.95 1.51
7 46.00 22.59 55.79 65.40 1.44
7 47.00 22.59 55.79 63.91 1.37
7 49.00 22.59 55.79 61.12 1.26
7 50.00 22.59 55.79 59.81 1.21
7 52.00 22.59 55.79 57.33 1.12
7 54.00 22.59 55.79 55.02 1.04
7 56.00 22.59 55.79 52.86 0.97
7 58.00 22.59 55.79 50.85 0.91
7 61.00 22.59 55.79 48.05 0.82
7 64.00 22.59 55.79 45.50 0.75
7 67.00 22.59 55.79 43.16 0.69
7 72.00 22.59 55.79 39.66 0.60
7 77.00 22.59 55.79 36.59 0.52
7 83.00 22.59 55.79 33.38 0.45
7 90.00 22.59 55.79 30.16 0.38
7 100.00 22.59 55.79 26.37 0.30
7 112.00 22.59 55.79 22.82 0.22
7 127.00 22.59 55.79 19.62 0.15
7 154.00 22.59 55.79 16.21 0.08
7 2928.00 22.59 55.79 12.90 0.00




8 0.00 17.50 72.73 202.00 0.00
8 3.00 17.50 72.73 196.70 1.42
8 7.00 17.50 72.73 190.12 1.47
8 38.00 17.50 72.73 140.11 1.43
8 46.00 17.50 72.73 127.63 1.40
8 54.00 17.50 72.73 115.50 1.36
8 62.00 17.50 72.73 103.73 1.32
8 69.00 17.50 72.73 93.73 1.29
8 76.00 17.50 72.73 84.04 1.25
8 79.00 17.50 72.73 80.01 1.22
8 82.00 17.50 72.73 76.13 1.17
8 84.00 17.50 72.73 73.62 1.14
8 86.00 17.50 72.73 71.19 1.11
8 88.00 17.50 72.73 68.84 1.07
8 90.00 17.50 72.73 66.58 1.03
8 92.00 17.50 72.73 64.41 0.99
8 93.00 17.50 72.73 63.38 0.96
8 94.00 17.50 72.73 62.38 0.93
8 95.00 17.50 72.73 61.42 0.89
8 97.00 17.50 72.73 59.59 0.83
8 98.00 17.50 72.73 58.72 0.81
8 100.00 17.50 72.73 57.06 0.76
8 101.00 17.50 72.73 56.26 0.74
8 103.00 17.50 72.73 54.72 0.70
8 105.00 17.50 72.73 53.27 0.66
8 107.00 17.50 72.73 51.89 0.63
8 110.00 17.50 72.73 49.93 0.59
8 113.00 17.50 72.73 48.11 0.55
8 116.00 17.50 72.73 46.41 0.51
8 123.00 17.50 72.73 42.83 0.44
8 127.00 17.50 72.73 41.02 0.40
8 131.00 17.50 72.73 39.36 0.37
8 136.00 17.50 72.73 37.47 0.33
8 142.00 17.50 72.73 35.44 0.29
8 148.00 17.50 72.73 33.64 0.26
8 156.00 17.50 72.73 31.55 0.22
8 166.00 17.50 72.73 29.33 0.18
8 177.00 17.50 72.73 27.33 0.15
8 192.00 17.50 72.73 25.19 0.11
8 211.00 17.50 72.73 23.27 0.07
8 242.00 17.50 72.73 21.41 0.04
8 2928.00 17.50 72.73 19.34 0.00
9 0.00 24.49 60.79 202.00 0.00
9 3.00 24.49 60.79 191.35 2.80
9 6.00 24.49 60.79 181.61 2.88
9 21.00 24.49 60.79 133.79 2.80
9 26.00 24.49 60.79 118.47 2.73




9 30.00 24.49 60.79 106.54 2.67
9 34.00 24.49 60.79 94.94 2.59
9 36.00 24.49 60.79 89.41 2.50
9 37.00 24.49 60.79 86.75 2.44
9 38.00 24.49 60.79 84.18 2.37
9 39.00 24.49 60.79 81.69 2.29
9 40.00 24.49 60.79 79.37 2.16
9 41.00 24.49 60.79 77.19 2.03
9 42.00 24.49 60.79 75.13 1.92
9 43.00 24.49 60.79 73.17 1.82
9 44.00 24.49 60.79 71.30 1.73
9 45.00 24.49 60.79 69.52 1.65
9 46.00 24.49 60.79 67.81 1.58
9 47.00 24.49 60.79 66.19 1.51
9 48.00 24.49 60.79 64.63 1.44
9 49.00 24.49 60.79 63.15 1.37
9 50.00 24.49 60.79 61.73 1.31
9 52.00 24.49 60.79 59.06 1.20
9 53.00 24.49 60.79 57.80 1.16
9 55.00 24.49 60.79 55.43 1.07
9 57.00 24.49 60.79 53.22 0.99
9 59.00 24.49 60.79 51.16 0.92
9 61.00 24.49 60.79 49.24 0.86
9 64.00 24.49 60.79 46.57 0.78
9 67.00 24.49 60.79 44.13 0.71
9 70.00 24.49 60.79 41.90 0.65
9 74.00 24.49 60.79 39.20 0.58
9 79.00 24.49 60.79 36.21 0.51
9 85.00 24.49 60.79 33.10 0.43
9 92.00 24.49 60.79 30.00 0.36
9 101.00 24.49 60.79 26.70 0.29
9 113.00 24.49 60.79 23.29 0.21
9 127.00 24.49 60.79 20.46 0.14
9 151.00 24.49 60.79 17.60 0.07
9 2928.00 24.49 60.79 14.37 0.00
10 0.00 9.33 84.62 202.00 0.00
10 4.00 9.33 84.62 199.48 0.54
10 8.00 9.33 84.62 197.06 0.55
10 57.00 9.33 84.62 167.91 0.53
10 106.00 9.33 84.62 139.60 0.52
10 123.00 9.33 84.62 130.05 0.50
10 136.00 9.33 84.62 122.97 0.49
10 149.00 9.33 84.62 116.09 0.48
10 163.00 9.33 84.62 108.89 0.46
10 177.00 9.33 84.62 101.92 0.45
10 191.00 9.33 84.62 95.15 0.44
10 206.00 9.33 84.62 88.14 0.42




10 221.00 9.33 84.62 81.37 0.41
10 235.00 9.33 84.62 75.25 0.40
10 251.00 9.33 84.62 68.51 0.38
10 258.00 9.33 84.62 65.68 0.37
10 263.00 9.33 84.62 63.73 0.36
10 270.00 9.33 84.62 61.10 0.34
10 276.00 9.33 84.62 58.94 0.33
10 283.00 9.33 84.62 56.52 0.31
10 289.00 9.33 84.62 54.54 0.30
10 295.00 9.33 84.62 52.64 0.29
10 301.00 9.33 84.62 50.84 0.27
10 307.00 9.33 84.62 49.13 0.26
10 313.00 9.33 84.62 47.50 0.25
10 320.00 9.33 84.62 45.71 0.23
10 326.00 9.33 84.62 44.26 0.22
10 333.00 9.33 84.62 42.67 0.21
10 339.00 9.33 84.62 41.39 0.19
10 343.00 9.33 84.62 40.62 0.18
10 348.00 9.33 84.62 39.71 0.16
10 354.00 9.33 84.62 38.70 0.15
10 361.00 9.33 84.62 37.63 0.14
10 369.00 9.33 84.62 36.52 0.12
10 378.00 9.33 84.62 35.40 0.11
10 389.00 9.33 84.62 34.19 0.10
10 402.00 9.33 84.62 32.95 0.08
10 417.00 9.33 84.62 31.74 0.07
10 435.00 9.33 84.62 30.55 0.05
10 459.00 9.33 84.62 29.31 0.04
10 491.00 9.33 84.62 28.14 0.03
10 542.00 9.33 84.62 27.04 0.01
10 2928.00 9.33 84.62 25.93 0.00
11 0.00 15.12 80.95 202.00 0.00
11 3.00 15.12 80.95 198.73 0.88
11 7.00 15.12 80.95 194.65 0.91
11 44.00 15.12 80.95 157.64 0.89
11 68.00 15.12 80.95 134.26 0.87
11 77.00 15.12 80.95 125.79 0.85
11 87.00 15.12 80.95 116.64 0.82
11 96.00 15.12 80.95 108.64 0.80
11 106.00 15.12 80.95 100.01 0.78
11 115.00 15.12 80.95 92.48 0.75
11 125.00 15.12 80.95 84.38 0.73
11 134.00 15.12 80.95 77.32 0.71
11 141.00 15.12 80.95 72.00 0.68
11 144.00 15.12 80.95 69.81 0.66
11 148.00 15.12 80.95 66.99 0.64
11 152.00 15.12 80.95 64.27 0.62




11 156.00 15.12 80.95 61.65 0.59
11 159.00 15.12 80.95 59.77 0.57
11 162.00 15.12 80.95 57.96 0.55
11 166.00 15.12 80.95 55.65 0.52
11 169.00 15.12 80.95 54.00 0.50
11 172.00 15.12 80.95 52.42 0.48
11 176.00 15.12 80.95 50.40 0.45
11 178.00 15.12 80.95 49.46 0.43
11 180.00 15.12 80.95 48.57 0.41
11 182.00 15.12 80.95 47.72 0.39
11 185.00 15.12 80.95 46.51 0.37
11 188.00 15.12 80.95 45.37 0.34
11 192.00 15.12 80.95 43.95 0.32
11 196.00 15.12 80.95 42.63 0.30
11 200.00 15.12 80.95 41.41 0.27
11 205.00 15.12 80.95 39.99 0.25
11 211.00 15.12 80.95 38.45 0.23
11 217.00 15.12 80.95 37.05 0.21
11 224.00 15.12 80.95 35.58 0.18
11 233.00 15.12 80.95 33.91 0.16
11 243.00 15.12 80.95 32.30 0.14
11 255.00 15.12 80.95 30.68 0.11
11 269.00 15.12 80.95 29.11 0.09
11 287.00 15.12 80.95 27.53 0.07
11 311.00 15.12 80.95 26.04 0.05
11 351.00 15.12 80.95 24.58 0.02
11 2928.00 15.12 80.95 23.09 0.00
12 0.00 6.00 87.22 202.00 0.00
12 4.00 6.00 87.22 200.28 0.37
12 8.00 6.00 87.22 198.62 0.38
12 67.00 6.00 87.22 174.55 0.37
12 126.00 6.00 87.22 151.16 0.36
12 171.00 6.00 87.22 133.77 0.35
12 187.00 6.00 87.22 127.79 0.34
12 204.00 6.00 87.22 121.62 0.33
12 221.00 6.00 87.22 115.63 0.32
12 238.00 6.00 87.22 109.81 0.31
12 256.00 6.00 87.22 103.84 0.30
12 275.00 6.00 87.22 97.74 0.29
12 294.00 6.00 87.22 91.84 0.28
12 313.00 6.00 87.22 86.15 0.27
12 333.00 6.00 87.22 80.36 0.26
12 353.00 6.00 87.22 74.78 0.25
12 374.00 6.00 87.22 69.14 0.24
12 394.00 6.00 87.22 63.97 0.23
12 402.00 6.00 87.22 62.00 0.23
12 411.00 6.00 87.22 59.87 0.22




12 420.00 6.00 87.22 57.83 0.21
12 429.00 6.00 87.22 55.88 0.20
12 439.00 6.00 87.22 53.81 0.19
12 450.00 6.00 87.22 51.65 0.18
12 459.00 6.00 87.22 49.97 0.17
12 469.00 6.00 87.22 48.20 0.16
12 479.00 6.00 87.22 46.55 0.15
12 489.00 6.00 87.22 44.99 0.14
12 499.00 6.00 87.22 43.54 0.13
12 510.00 6.00 87.22 42.05 0.12
12 522.00 6.00 87.22 40.54 0.11
12 535.00 6.00 87.22 39.04 0.10
12 549.00 6.00 87.22 37.56 0.09
12 564.00 6.00 87.22 36.13 0.08
12 572.00 6.00 87.22 35.45 0.08
12 584.00 6.00 87.22 34.55 0.07
12 598.00 6.00 87.22 33.64 0.06
12 615.00 6.00 87.22 32.70 0.05
12 637.00 6.00 87.22 31.70 0.04
12 665.00 6.00 87.22 30.72 0.03
12 705.00 6.00 87.22 29.72 0.02
12 766.00 6.00 87.22 28.82 0.01
12 2928.00 6.00 87.22 27.94 0.00
13 0.00 11.56 88.08 202.00 0.00
13 3.00 11.56 88.08 200.31 0.46
13 7.00 11.56 88.08 198.20 0.48
13 50.00 11.56 88.08 175.81 0.46
13 93.00 11.56 88.08 154.06 0.45
13 131.00 11.56 88.08 135.36 0.44
13 143.00 11.56 88.08 129.64 0.43
13 155.00 11.56 88.08 124.08 0.42
13 168.00 11.56 88.08 118.24 0.40
13 181.00 11.56 88.08 112.57 0.39
13 194.00 11.56 88.08 107.08 0.38
13 207.00 11.56 88.08 101.75 0.37
13 221.00 11.56 88.08 96.21 0.36
13 235.00 11.56 88.08 90.85 0.35
13 250.00 11.56 88.08 85.31 0.33
13 265.00 11.56 88.08 79.97 0.32
13 280.00 11.56 88.08 74.84 0.31
13 296.00 11.56 88.08 69.57 0.30
13 312.00 11.56 88.08 64.50 0.29
13 318.00 11.56 88.08 62.69 0.27
13 325.00 11.56 88.08 60.66 0.26
13 332.00 11.56 88.08 58.73 0.25
13 340.00 11.56 88.08 56.62 0.24
13 348.00 11.56 88.08 54.63 0.23




13 356.00 11.56 88.08 52.73 0.21
13 365.00 11.56 88.08 50.70 0.20
13 372.00 11.56 88.08 49.22 0.19
13 380.00 11.56 88.08 47.62 0.18
13 389.00 11.56 88.08 45.95 0.17
13 398.00 11.56 88.08 44.39 0.15
13 407.00 11.56 88.08 42.95 0.14
13 417.00 11.56 88.08 41.47 0.13
13 429.00 11.56 88.08 39.86 0.12
13 441.00 11.56 88.08 38.40 0.11
13 455.00 11.56 88.08 36.88 0.09
13 471.00 11.56 88.08 35.35 0.08
13 482.00 11.56 88.08 34.43 0.07
13 495.00 11.56 88.08 33.52 0.06
13 513.00 11.56 88.08 32.49 0.05
13 536.00 11.56 88.08 31.47 0.04
13 568.00 11.56 88.08 30.46 0.02
13 620.00 11.56 88.08 29.47 0.01
13 2928.00 11.56 88.08 28.61 0.00
14 0.00 21.11 71.44 202.00 0.00
14 3.00 21.11 71.44 195.38 1.75
14 6.00 21.11 71.44 189.28 1.81
14 31.00 21.11 71.44 139.40 1.76
14 38.00 21.11 71.44 125.93 1.72
14 44.00 21.11 71.44 114.70 1.67
14 50.00 21.11 71.44 103.79 1.63
14 56.00 21.11 71.44 93.18 1.58
14 61.00 21.11 71.44 84.61 1.54
14 63.00 21.11 71.44 81.31 1.50
14 65.00 21.11 71.44 78.12 1.45
14 67.00 21.11 71.44 75.02 1.40
14 69.00 21.11 71.44 72.06 1.35
14 70.00 21.11 71.44 70.62 1.32
14 72.00 21.11 71.44 67.86 1.26
14 73.00 21.11 71.44 66.56 1.21
14 74.00 21.11 71.44 65.31 1.16
14 75.00 21.11 71.44 64.11 1.11
14 76.00 21.11 71.44 62.96 1.07
14 77.00 21.11 71.44 61.86 1.03
14 78.00 21.11 71.44 60.79 0.99
14 79.00 21.11 71.44 59.75 0.96
14 81.00 21.11 71.44 57.78 0.90
14 82.00 21.11 71.44 56.84 0.87
14 84.00 21.11 71.44 55.04 0.82
14 86.00 21.11 71.44 53.34 0.77
14 88.00 21.11 71.44 51.74 0.73
14 91.00 21.11 71.44 49.48 0.67




14 93.00 21.11 71.44 48.08 0.64
14 96.00 21.11 71.44 46.09 0.59
14 99.00 21.11 71.44 44.26 0.54
14 102.00 21.11 71.44 42.57 0.50
14 106.00 21.11 71.44 40.49 0.45
14 111.00 21.11 71.44 38.17 0.40
14 116.00 21.11 71.44 36.10 0.36
14 121.00 21.11 71.44 34.25 0.32
14 128.00 21.11 71.44 31.98 0.27
14 137.00 21.11 71.44 29.51 0.23
14 147.00 21.11 71.44 27.26 0.18
14 160.00 21.11 71.44 24.97 0.14
14 176.00 21.11 71.44 22.97 0.09
14 203.00 21.11 71.44 20.96 0.05
14 2928.00 21.11 71.44 18.80 0.00
15 0.00 5.25 63.16 202.00 0.00
15 4.00 5.25 63.16 197.25 1.02
15 8.00 5.25 63.16 192.66 1.04
15 59.00 5.25 63.16 135.02 1.01
15 74.00 5.25 63.16 118.64 0.99
15 89.00 5.25 63.16 102.74 0.96
15 102.00 5.25 63.16 89.37 0.94
15 110.00 5.25 63.16 81.35 0.91
15 115.00 5.25 63.16 76.52 0.88
15 118.00 5.25 63.16 73.71 0.86
15 121.00 5.25 63.16 70.99 0.84
15 124.00 5.25 63.16 68.35 0.81
15 126.00 5.25 63.16 66.65 0.79
15 128.00 5.25 63.16 65.04 0.74
15 129.00 5.25 63.16 64.26 0.72
15 130.00 5.25 63.16 63.51 0.71
15 132.00 5.25 63.16 62.06 0.67
15 133.00 5.25 63.16 61.36 0.66
15 135.00 5.25 63.16 60.00 0.63
15 137.00 5.25 63.16 58.69 0.60
15 140.00 5.25 63.16 56.83 0.57
15 142.00 5.25 63.16 55.65 0.55
15 145.00 5.25 63.16 53.95 0.52
15 147.00 5.25 63.16 52.87 0.50
15 150.00 5.25 63.16 51.34 0.47
15 153.00 5.25 63.16 49.89 0.44
15 156.00 5.25 63.16 48.53 0.42
15 159.00 5.25 63.16 47.24 0.39
15 163.00 5.25 63.16 45.63 0.36
15 167.00 5.25 63.16 44.13 0.34
15 172.00 5.25 63.16 42.38 0.31
15 178.00 5.25 63.16 40.47 0.28




15 184.00 5.25 63.16 38.73 0.26
15 191.00 5.25 63.16 36.88 0.23
15 199.00 5.25 63.16 34.98 0.21
15 209.00 5.25 63.16 32.88 0.18
15 220.00 5.25 63.16 30.86 0.16
15 235.00 5.25 63.16 28.53 0.13
15 252.00 5.25 63.16 26.36 0.10
15 276.00 5.25 63.16 23.96 0.08
15 308.00 5.25 63.16 21.68 0.05
15 369.00 5.25 63.16 19.11 0.03
15 2928.00 5.25 63.16 15.35 0.00
16 0.00 14.25 74.01 202.00 0.00
16 3.00 14.25 74.01 197.73 1.15
16 7.00 14.25 74.01 192.39 1.20
16 46.00 14.25 74.01 141.32 1.17
16 56.00 14.25 74.01 128.63 1.14
16 66.00 14.25 74.01 116.31 1.11
16 75.00 14.25 74.01 105.55 1.08
16 84.00 14.25 74.01 95.10 1.05
16 92.00 14.25 74.01 86.08 1.02
16 102.00 14.25 74.01 75.26 0.96
16 105.00 14.25 74.01 72.20 0.93
16 108.00 14.25 74.01 69.25 0.90
16 110.00 14.25 74.01 67.34 0.87
16 113.00 14.25 74.01 64.59 0.83
16 115.00 14.25 74.01 62.82 0.81
16 117.00 14.25 74.01 61.12 0.78
16 119.00 14.25 74.01 59.50 0.74
16 120.00 14.25 74.01 58.73 0.72
16 121.00 14.25 74.01 57.98 0.70
16 123.00 14.25 74.01 56.55 0.66
16 125.00 14.25 74.01 55.19 0.62
16 127.00 14.25 74.01 53.89 0.59
16 129.00 14.25 74.01 52.66 0.56
16 131.00 14.25 74.01 51.48 0.54
16 134.00 14.25 74.01 49.81 0.50
16 136.00 14.25 74.01 48.75 0.48
16 140.00 14.25 74.01 46.76 0.45
16 143.00 14.25 74.01 45.37 0.42
16 147.00 14.25 74.01 43.63 0.39
16 151.00 14.25 74.01 42.02 0.36
16 156.00 14.25 74.01 40.15 0.33
16 162.00 14.25 74.01 38.12 0.30
16 167.00 14.25 74.01 36.59 0.27
16 174.00 14.25 74.01 34.67 0.24
16 181.00 14.25 74.01 32.97 0.21
16 190.00 14.25 74.01 31.07 0.18




16 201.00 14.25 74.01 29.10 0.15
16 214.00 14.25 74.01 27.19 0.12
16 230.00 14.25 74.01 25.34 0.09
16 252.00 14.25 74.01 23.54 0.06
16 288.00 14.25 74.01 21.80 0.03
16 2928.00 14.25 74.01 19.87 0.00
17 0.00 20.16 50.36 202.00 0.00
17 3.00 20.16 50.36 190.90 2.96
17 7.00 20.16 50.36 177.19 3.06
17 21.00 20.16 50.36 130.04 2.98
17 26.00 20.16 50.36 113.82 2.91
17 30.00 20.16 50.36 101.17 2.85
17 32.00 20.16 50.36 95.09 2.76
17 33.00 20.16 50.36 92.16 2.70
17 34.00 20.16 50.36 89.32 2.62
17 35.00 20.16 50.36 86.65 2.49
17 36.00 20.16 50.36 84.16 2.34
17 37.00 20.16 50.36 81.81 2.21
17 38.00 20.16 50.36 79.58 2.09
17 39.00 20.16 50.36 77.48 1.97
17 40.00 20.16 50.36 75.49 1.86
17 41.00 20.16 50.36 73.60 1.76
17 42.00 20.16 50.36 71.81 1.67
17 43.00 20.16 50.36 70.11 1.59
17 44.00 20.16 50.36 68.49 1.51
17 45.00 20.16 50.36 66.93 1.44
17 46.00 20.16 50.36 65.44 1.38
17 47.00 20.16 50.36 64.01 1.32
17 49.00 20.16 50.36 61.32 1.22
17 51.00 20.16 50.36 58.81 1.13
17 52.00 20.16 50.36 57.63 1.09
17 55.00 20.16 50.36 54.31 0.98
17 57.00 20.16 50.36 52.26 0.92
17 60.00 20.16 50.36 49.43 0.84
17 63.00 20.16 50.36 46.83 0.76
17 67.00 20.16 50.36 43.69 0.68
17 71.00 20.16 50.36 40.87 0.61
17 76.00 20.16 50.36 37.71 0.54
17 83.00 20.16 50.36 33.88 0.46
17 91.00 20.16 50.36 30.19 0.38
17 101.00 20.16 50.36 26.37 0.30
17 114.00 20.16 50.36 22.47 0.23
17 131.00 20.16 50.36 18.79 0.15
17 161.00 20.16 50.36 14.96 0.08
17 2928.00 20.16 50.36 11.43 0.00
18 0.00 13.50 89.03 202.00 0.00
18 3.00 13.50 89.03 200.27 0.46




18 7.00 13.50 89.03 198.12 0.48
18 46.00 13.50 89.03 177.45 0.47
18 84.00 13.50 89.03 157.88 0.46
18 123.00 13.50 89.03 138.36 0.45
18 137.00 13.50 89.03 131.55 0.44
18 148.00 13.50 89.03 126.36 0.42
18 160.00 13.50 89.03 120.86 0.41
18 171.00 13.50 89.03 115.98 0.40
18 183.00 13.50 89.03 110.81 0.39
18 195.00 13.50 89.03 105.80 0.38
18 208.00 13.50 89.03 100.55 0.36
18 221.00 13.50 89.03 95.49 0.35
18 234.00 13.50 89.03 90.59 0.34
18 248.00 13.50 89.03 85.51 0.33
18 262.00 13.50 89.03 80.62 0.31
18 277.00 13.50 89.03 75.59 0.30
18 292.00 13.50 89.03 70.75 0.29
18 308.00 13.50 89.03 65.82 0.28
18 318.00 13.50 89.03 62.85 0.27
18 325.00 13.50 89.03 60.88 0.25
18 332.00 13.50 89.03 59.01 0.24
18 339.00 13.50 89.03 57.23 0.23
18 347.00 13.50 89.03 55.30 0.22
18 355.00 13.50 89.03 53.47 0.21
18 364.00 13.50 89.03 51.52 0.19
18 374.00 13.50 89.03 49.50 0.18
18 381.00 13.50 89.03 48.18 0.17
18 390.00 13.50 89.03 46.59 0.16
18 400.00 13.50 89.03 44.96 0.14
18 410.00 13.50 89.03 43.46 0.13
18 420.00 13.50 89.03 42.09 0.12
18 432.00 13.50 89.03 40.60 0.11
18 446.00 13.50 89.03 39.05 0.10
18 461.00 13.50 89.03 37.58 0.08
18 478.00 13.50 89.03 36.15 0.07
18 498.00 13.50 89.03 34.72 0.06
18 524.00 13.50 89.03 33.20 0.05
18 546.00 13.50 89.03 32.18 0.04
18 577.00 13.50 89.03 31.19 0.02
18 629.00 13.50 89.03 30.21 0.01
18 2928.00 13.50 89.03 29.34 0.00
19 0.00 21.74 65.92 202.00 0.00
19 3.00 21.74 65.92 193.85 2.16
19 6.00 21.74 65.92 186.33 2.23
19 26.00 21.74 65.92 137.15 2.17
19 32.00 21.74 65.92 122.93 2.12
19 38.00 21.74 65.92 109.11 2.06




19 43.00 21.74 65.92 97.92 2.01
19 47.00 21.74 65.92 89.22 1.95
19 49.00 21.74 65.92 85.04 1.89
19 51.00 21.74 65.92 81.02 1.83
19 52.00 21.74 65.92 79.08 1.78
19 53.00 21.74 65.92 77.19 1.74
19 54.00 21.74 65.92 75.35 1.69
19 55.00 21.74 65.92 73.59 1.63
19 56.00 21.74 65.92 71.93 1.55
19 57.00 21.74 65.92 70.35 1.47
19 58.00 21.74 65.92 68.84 1.41
19 59.00 21.74 65.92 67.39 1.35
19 60.00 21.74 65.92 66.00 1.29
19 61.00 21.74 65.92 64.66 1.24
19 63.00 21.74 65.92 62.12 1.15
19 64.00 21.74 65.92 60.91 1.11
19 65.00 21.74 65.92 59.75 1.07
19 67.00 21.74 65.92 57.53 1.00
19 69.00 21.74 65.92 55.47 0.93
19 70.00 21.74 65.92 54.49 0.90
19 74.00 21.74 65.92 50.88 0.79
19 77.00 21.74 65.92 48.45 0.72
19 79.00 21.74 65.92 46.95 0.68
19 83.00 21.74 65.92 44.18 0.60
19 86.00 21.74 65.92 42.30 0.56
19 90.00 21.74 65.92 40.00 0.50
19 95.00 21.74 65.92 37.43 0.44
19 100.00 21.74 65.92 35.14 0.39
19 107.00 21.74 65.92 32.36 0.33
19 115.00 21.74 65.92 29.66 0.28
19 125.00 21.74 65.92 26.89 0.22
19 137.00 21.74 65.92 24.28 0.17
19 153.00 21.74 65.92 21.78 0.11
19 179.00 21.74 65.92 19.37 0.06
19 2928.00 21.74 65.92 16.50 0.00
20 0.00 10.79 78.12 202.00 0.00
20 4.00 10.79 78.12 198.09 0.83
20 8.00 10.79 78.12 194.36 0.84
20 55.00 10.79 78.12 151.22 0.82
20 77.00 10.79 78.12 131.56 0.80
20 89.00 10.79 78.12 121.19 0.78
20 100.00 10.79 78.12 111.95 0.76
20 112.00 10.79 78.12 102.16 0.74
20 123.00 10.79 78.12 93.45 0.72
20 135.00 10.79 78.12 84.24 0.69
20 146.00 10.79 78.12 76.07 0.67
20 151.00 10.79 78.12 72.47 0.65




20 156.00 10.79 78.12 69.00 0.63
20 160.00 10.79 78.12 66.33 0.61
20 164.00 10.79 78.12 63.74 0.59
20 168.00 10.79 78.12 61.26 0.57
20 171.00 10.79 78.12 59.46 0.55
20 175.00 10.79 78.12 57.16 0.52
20 178.00 10.79 78.12 55.51 0.50
20 181.00 10.79 78.12 53.91 0.49
20 184.00 10.79 78.12 52.40 0.46
20 185.00 10.79 78.12 51.92 0.45
20 188.00 10.79 78.12 50.54 0.42
20 190.00 10.79 78.12 49.67 0.40
20 193.00 10.79 78.12 48.43 0.38
20 196.00 10.79 78.12 47.26 0.36
20 199.00 10.79 78.12 46.14 0.34
20 203.00 10.79 78.12 44.75 0.32
20 207.00 10.79 78.12 43.44 0.30
20 212.00 10.79 78.12 41.92 0.27
20 217.00 10.79 78.12 40.52 0.25
20 223.00 10.79 78.12 38.96 0.23
20 229.00 10.79 78.12 37.54 0.21
20 236.00 10.79 78.12 36.03 0.19
20 245.00 10.79 78.12 34.30 0.17
20 254.00 10.79 78.12 32.76 0.15
20 266.00 10.79 78.12 30.98 0.13
20 280.00 10.79 78.12 29.22 0.10
20 296.00 10.79 78.12 27.57 0.08
20 316.00 10.79 78.12 25.96 0.06
20 342.00 10.79 78.12 24.48 0.04
20 386.00 10.79 78.12 23.02 0.02
20 2928.00 10.79 78.12 21.58 0.00
21 0.00 8.88 60.46 202.00 0.00
21 4.00 8.88 60.46 195.65 1.35
21 8.00 8.88 60.46 189.55 1.38
21 45.00 8.88 60.46 133.96 1.34
21 57.00 8.88 60.46 116.57 1.31
21 68.00 8.88 60.46 101.09 1.27
21 78.00 8.88 60.46 87.43 1.24
21 81.00 8.88 60.46 83.46 1.21
21 85.00 8.88 60.46 78.34 1.17
21 87.00 8.88 60.46 75.87 1.14
21 89.00 8.88 60.46 73.47 1.10
21 91.00 8.88 60.46 71.17 1.06
21 92.00 8.88 60.46 70.07 1.02
21 93.00 8.88 60.46 69.02 0.99
21 94.00 8.88 60.46 67.99 0.96
21 95.00 8.88 60.46 67.00 0.93




21 96.00 8.88 60.46 66.04 0.90
21 98.00 8.88 60.46 64.19 0.85
21 99.00 8.88 60.46 63.30 0.83
21 101.00 8.88 60.46 61.58 0.79
21 103.00 8.88 60.46 59.95 0.75
21 105.00 8.88 60.46 58.40 0.71
21 106.00 8.88 60.46 57.65 0.70
21 108.00 8.88 60.46 56.22 0.66
21 110.00 8.88 60.46 54.86 0.63
21 113.00 8.88 60.46 52.94 0.58
21 115.00 8.88 60.46 51.73 0.55
21 118.00 8.88 60.46 50.02 0.52
21 121.00 8.88 60.46 48.42 0.48
21 125.00 8.88 60.46 46.43 0.45
21 129.00 8.88 60.46 44.60 0.41
21 133.00 8.88 60.46 42.90 0.38
21 139.00 8.88 60.46 40.57 0.34
21 145.00 8.88 60.46 38.48 0.31
21 152.00 8.88 60.46 36.28 0.27
21 160.00 8.88 60.46 34.06 0.24
21 170.00 8.88 60.46 31.64 0.21
21 182.00 8.88 60.46 29.16 0.17
21 197.00 8.88 60.46 26.60 0.14
21 218.00 8.88 60.46 23.81 0.10
21 245.00 8.88 60.46 21.24 0.07
21 297.00 8.88 60.46 18.30 0.03
21 2928.00 8.88 60.46 14.23 0.00
22 0.00 12.09 66.77 202.00 0.00
22 3.00 12.09 66.77 197.14 1.32
22 7.00 12.09 66.77 191.02 1.37
22 43.00 12.09 66.77 136.91 1.34
22 53.00 12.09 66.77 122.39 1.31
22 63.00 12.09 66.77 108.28 1.27
22 72.00 12.09 66.77 95.95 1.24
22 81.00 12.09 66.77 84.00 1.20
22 84.00 12.09 66.77 80.17 1.17
22 87.00 12.09 66.77 76.45 1.13
22 89.00 12.09 66.77 74.05 1.10
22 91.00 12.09 66.77 71.72 1.07
22 93.00 12.09 66.77 69.46 1.04
22 95.00 12.09 66.77 67.30 0.99
22 96.00 12.09 66.77 66.28 0.96
22 97.00 12.09 66.77 65.29 0.92
22 98.00 12.09 66.77 64.33 0.89
22 99.00 12.09 66.77 63.40 0.87
22 101.00 12.09 66.77 61.62 0.82
22 102.00 12.09 66.77 60.77 0.79




22 104.00 12.09 66.77 59.13 0.75
22 106.00 12.09 66.77 57.57 0.72
22 108.00 12.09 66.77 56.09 0.68
22 110.00 12.09 66.77 54.67 0.65
22 112.00 12.09 66.77 53.31 0.62
22 115.00 12.09 66.77 51.39 0.58
22 117.00 12.09 66.77 50.18 0.55
22 120.00 12.09 66.77 48.47 0.51
22 123.00 12.09 66.77 46.88 0.48
22 126.00 12.09 66.77 45.38 0.45
22 130.00 12.09 66.77 43.54 0.41
22 134.00 12.09 66.77 41.83 0.38
22 139.00 12.09 66.77 39.88 0.35
22 145.00 12.09 66.77 37.77 0.31
22 151.00 12.09 66.77 35.87 0.28
22 159.00 12.09 66.77 33.63 0.24
22 168.00 12.09 66.77 31.45 0.21
22 179.00 12.09 66.77 29.18 0.17
22 193.00 12.09 66.77 26.80 0.14
22 211.00 12.09 66.77 24.42 0.10
22 234.00 12.09 66.77 22.24 0.07
22 276.00 12.09 66.77 19.89 0.03
22 2928.00 12.09 66.77 16.86 0.00
23 0.00 20.71 52.18 202.00 0.00
23 3.00 20.71 52.18 191.03 2.92
23 7.00 20.71 52.18 177.50 3.02
23 21.00 20.71 52.18 130.98 2.94
23 26.00 20.71 52.18 114.97 2.87
23 31.00 20.71 52.18 99.42 2.79
23 33.00 20.71 52.18 93.48 2.69
23 34.00 20.71 52.18 90.62 2.63
23 35.00 20.71 52.18 87.86 2.55
23 36.00 20.71 52.18 85.28 2.41
23 37.00 20.71 52.18 82.86 2.27
23 38.00 20.71 52.18 80.57 2.14
23 39.00 20.71 52.18 78.40 2.03
23 40.00 20.71 52.18 76.34 1.92
23 41.00 20.71 52.18 74.40 1.82
23 42.00 20.71 52.18 72.55 1.72
23 43.00 20.71 52.18 70.80 1.63
23 44.00 20.71 52.18 69.13 1.55
23 45.00 20.71 52.18 67.54 1.48
23 46.00 20.71 52.18 66.01 1.41
23 47.00 20.71 52.18 64.55 1.35
23 48.00 20.71 52.18 63.15 1.30
23 50.00 20.71 52.18 60.50 1.20
23 51.00 20.71 52.18 59.25 1.15




23 53.00 20.71 52.18 56.89 1.07
23 55.00 20.71 52.18 54.67 1.00
23 58.00 20.71 52.18 51.62 0.90
23 61.00 20.71 52.18 48.83 0.82
23 64.00 20.71 52.18 46.29 0.75
23 68.00 20.71 52.18 43.20 0.67
23 72.00 20.71 52.18 40.43 0.60
23 77.00 20.71 52.18 37.33 0.53
23 83.00 20.71 52.18 34.08 0.46
23 91.00 20.71 52.18 30.37 0.38
23 101.00 20.71 52.18 26.56 0.30
23 114.00 20.71 52.18 22.68 0.23
23 131.00 20.71 52.18 19.05 0.15
23 160.00 20.71 52.18 15.40 0.08
23 2928.00 20.71 52.18 11.92 0.00
24 0.00 18.29 54.33 202.00 0.00
24 3.00 18.29 54.33 192.70 2.49
24 7.00 18.29 54.33 181.16 2.58
24 24.00 18.29 54.33 132.90 2.52
24 31.00 18.29 54.33 113.78 2.45
24 36.00 18.29 54.33 100.52 2.39
24 39.00 18.29 54.33 92.81 2.32
24 40.00 18.29 54.33 90.32 2.28
24 41.00 18.29 54.33 87.89 2.23
24 42.00 18.29 54.33 85.53 2.18
24 43.00 18.29 54.33 83.26 2.10
24 44.00 18.29 54.33 81.13 1.99
24 45.00 18.29 54.33 79.12 1.89
24 46.00 18.29 54.33 77.20 1.79
24 47.00 18.29 54.33 75.37 1.71
24 48.00 18.29 54.33 73.62 1.63
24 49.00 18.29 54.33 71.95 1.56
24 50.00 18.29 54.33 70.35 1.49
24 51.00 18.29 54.33 68.83 1.42
24 52.00 18.29 54.33 67.38 1.35
24 53.00 18.29 54.33 65.98 1.30
24 54.00 18.29 54.33 64.64 1.24
24 56.00 18.29 54.33 62.12 1.15
24 57.00 18.29 54.33 60.93 1.10
24 59.00 18.29 54.33 58.66 1.03
24 61.00 18.29 54.33 56.55 0.96
24 63.00 18.29 54.33 54.57 0.90
24 65.00 18.29 54.33 52.71 0.84
24 68.00 18.29 54.33 50.11 0.77
24 71.00 18.29 54.33 47.72 0.71
24 74.00 18.29 54.33 45.52 0.65
24 78.00 18.29 54.33 42.84 0.59




24 83.00 18.29 54.33 39.84 0.52
24 89.00 18.29 54.33 36.66 0.45
24 96.00 18.29 54.33 33.45 0.39
24 104.00 18.29 54.33 30.30 0.33
24 115.00 18.29 54.33 26.73 0.26
24 129.00 18.29 54.33 23.16 0.19
24 148.00 18.29 54.33 19.68 0.13
24 181.00 18.29 54.33 16.14 0.06
24 2928.00 18.29 54.33 12.51 0.00
25 0.00 23.18 84.90 202.00 0.00
25 3.00 23.18 84.90 198.18 1.00
25 6.00 23.18 84.90 194.69 1.03
25 31.00 23.18 84.90 166.16 1.01
25 56.00 23.18 84.90 138.47 0.98
25 63.00 23.18 84.90 130.96 0.95
25 69.00 23.18 84.90 124.70 0.93
25 76.00 23.18 84.90 117.60 0.90
25 83.00 23.18 84.90 110.71 0.88
25 90.00 23.18 84.90 104.02 0.85
25 97.00 23.18 84.90 97.54 0.83
25 104.00 23.18 84.90 91.27 0.80
25 112.00 23.18 84.90 84.34 0.77
25 119.00 23.18 84.90 78.50 0.75
25 126.00 23.18 84.90 72.84 0.72
25 130.00 23.18 84.90 69.72 0.70
25 133.00 23.18 84.90 67.48 0.67
25 137.00 23.18 84.90 64.62 0.64
25 140.00 23.18 84.90 62.56 0.62
25 143.00 23.18 84.90 60.58 0.60
25 147.00 23.18 84.90 58.05 0.57
25 150.00 23.18 84.90 56.25 0.54
25 153.00 23.18 84.90 54.53 0.52
25 156.00 23.18 84.90 52.89 0.49
25 160.00 23.18 84.90 50.83 0.46
25 163.00 23.18 84.90 49.37 0.44
25 167.00 23.18 84.90 47.52 0.41
25 171.00 23.18 84.90 45.79 0.39
25 175.00 23.18 84.90 44.18 0.36
25 177.00 23.18 84.90 43.43 0.34
25 180.00 23.18 84.90 42.39 0.31
25 184.00 23.18 84.90 41.10 0.28
25 188.00 23.18 84.90 39.92 0.26
25 193.00 23.18 84.90 38.58 0.23
25 199.00 23.18 84.90 37.15 0.21
25 206.00 23.18 84.90 35.68 0.18
25 214.00 23.18 84.90 34.22 0.15
25 223.00 23.18 84.90 32.83 0.13




25 235.00 23.18 84.90 31.31 0.10
25 249.00 23.18 84.90 29.92 0.08
25 269.00 23.18 84.90 28.50 0.05
25 298.00 23.18 84.90 27.30 0.03
25 2928.00 23.18 84.90 26.15 0.00
26 0.00 18.53 77.95 202.00 0.00
26 3.00 18.53 77.95 197.49 1.20
26 7.00 18.53 77.95 191.93 1.24
26 38.00 18.53 77.95 149.63 1.21
26 51.00 18.53 77.95 132.35 1.18
26 59.00 18.53 77.95 122.07 1.15
26 67.00 18.53 77.95 112.09 1.12
26 75.00 18.53 77.95 102.41 1.09
26 82.00 18.53 77.95 94.19 1.06
26 89.00 18.53 77.95 86.20 1.03
26 96.00 18.53 77.95 78.46 1.00
26 99.00 18.53 77.95 75.25 0.97
26 102.00 18.53 77.95 72.16 0.93
26 105.00 18.53 77.95 69.18 0.90
26 108.00 18.53 77.95 66.31 0.87
26 110.00 18.53 77.95 64.47 0.84
26 112.00 18.53 77.95 62.69 0.81
26 115.00 18.53 77.95 60.13 0.77
26 117.00 18.53 77.95 58.50 0.74
26 119.00 18.53 77.95 56.93 0.72
26 121.00 18.53 77.95 55.45 0.67
26 122.00 18.53 77.95 54.75 0.65
26 124.00 18.53 77.95 53.40 0.61
26 125.00 18.53 77.95 52.76 0.60
26 127.00 18.53 77.95 51.52 0.57
26 130.00 18.53 77.95 49.77 0.52
26 132.00 18.53 77.95 48.68 0.50
26 135.00 18.53 77.95 47.12 0.47
26 138.00 18.53 77.95 45.67 0.44
26 142.00 18.53 77.95 43.87 0.40
26 145.00 18.53 77.95 42.62 0.38
26 150.00 18.53 77.95 40.69 0.34
26 154.00 18.53 77.95 39.28 0.31
26 160.00 18.53 77.95 37.35 0.28
26 166.00 18.53 77.95 35.63 0.25
26 174.00 18.53 77.95 33.60 0.22
26 182.00 18.53 77.95 31.84 0.19
26 193.00 18.53 77.95 29.78 0.15
26 205.00 18.53 77.95 27.94 0.12
26 220.00 18.53 77.95 26.15 0.09
26 239.00 18.53 77.95 24.55 0.06
26 270.00 18.53 77.95 23.01 0.03




26 2928.00 18.53 77.95 21.51 0.00
27 0.00 12.46 67.72 202.00 0.00
27 3.00 12.46 67.72 197.18 1.30
27 7.00 12.46 67.72 191.12 1.36
27 43.00 12.46 67.72 137.54 1.33
27 53.00 12.46 67.72 123.16 1.29
27 63.00 12.46 67.72 109.19 1.26
27 72.00 12.46 67.72 96.98 1.23
27 81.00 12.46 67.72 85.14 1.19
27 85.00 12.46 67.72 80.06 1.15
27 87.00 12.46 67.72 77.60 1.13
27 90.00 12.46 67.72 74.02 1.09
27 92.00 12.46 67.72 71.71 1.06
27 94.00 12.46 67.72 69.47 1.03
27 96.00 12.46 67.72 67.32 0.99
27 97.00 12.46 67.72 66.29 0.96
27 98.00 12.46 67.72 65.29 0.93
27 99.00 12.46 67.72 64.33 0.90
27 101.00 12.46 67.72 62.50 0.84
27 102.00 12.46 67.72 61.63 0.82
27 104.00 12.46 67.72 59.94 0.77
27 105.00 12.46 67.72 59.14 0.75
27 107.00 12.46 67.72 57.58 0.71
27 109.00 12.46 67.72 56.10 0.68
27 111.00 12.46 67.72 54.68 0.65
27 113.00 12.46 67.72 53.33 0.62
27 116.00 12.46 67.72 51.41 0.58
27 119.00 12.46 67.72 49.62 0.54
27 122.00 12.46 67.72 47.94 0.50
27 125.00 12.46 67.72 46.38 0.47
27 128.00 12.46 67.72 44.91 0.44
27 132.00 12.46 67.72 43.10 0.41
27 136.00 12.46 67.72 41.43 0.37
27 141.00 12.46 67.72 39.51 0.34
27 146.00 12.46 67.72 37.77 0.31
27 153.00 12.46 67.72 35.58 0.27
27 160.00 12.46 67.72 33.64 0.24
27 169.00 12.46 67.72 31.47 0.21
27 180.00 12.46 67.72 29.21 0.17
27 194.00 12.46 67.72 26.85 0.14
27 211.00 12.46 67.72 24.61 0.10
27 235.00 12.46 67.72 22.36 0.07
27 275.00 12.46 67.72 20.14 0.03
27 2928.00 12.46 67.72 17.25 0.00
28 0.00 7.51 69.53 202.00 0.00
28 4.00 7.51 69.53 197.50 0.96
28 8.00 7.51 69.53 193.16 0.98




28 60.00 7.51 69.53 137.72 0.96
28 74.00 7.51 69.53 123.30 0.93
28 87.00 7.51 69.53 110.28 0.91
28 100.00 7.51 69.53 97.64 0.88
28 112.00 7.51 69.53 86.31 0.86
28 121.00 7.51 69.53 78.06 0.83
28 125.00 7.51 69.53 74.54 0.81
28 129.00 7.51 69.53 71.12 0.78
28 132.00 7.51 69.53 68.64 0.76
28 135.00 7.51 69.53 66.23 0.74
28 138.00 7.51 69.53 63.91 0.71
28 140.00 7.51 69.53 62.41 0.69
28 142.00 7.51 69.53 60.98 0.66
28 143.00 7.51 69.53 60.30 0.64
28 145.00 7.51 69.53 58.98 0.61
28 147.00 7.51 69.53 57.72 0.58
28 148.00 7.51 69.53 57.11 0.57
28 150.00 7.51 69.53 55.93 0.54
28 153.00 7.51 69.53 54.25 0.51
28 155.00 7.51 69.53 53.18 0.49
28 158.00 7.51 69.53 51.65 0.47
28 161.00 7.51 69.53 50.20 0.44
28 164.00 7.51 69.53 48.82 0.42
28 168.00 7.51 69.53 47.09 0.39
28 172.00 7.51 69.53 45.46 0.37
28 176.00 7.51 69.53 43.94 0.34
28 180.00 7.51 69.53 42.53 0.32
28 185.00 7.51 69.53 40.89 0.29
28 190.00 7.51 69.53 39.38 0.27
28 196.00 7.51 69.53 37.72 0.25
28 203.00 7.51 69.53 35.97 0.22
28 211.00 7.51 69.53 34.18 0.20
28 220.00 7.51 69.53 32.39 0.17
28 231.00 7.51 69.53 30.50 0.15
28 244.00 7.51 69.53 28.59 0.12
28 261.00 7.51 69.53 26.54 0.10
28 282.00 7.51 69.53 24.58 0.07
28 310.00 7.51 69.53 22.70 0.05
28 361.00 7.51 69.53 20.68 0.02
28 2928.00 7.51 69.53 18.00 0.00
29 0.00 24.32 57.63 202.00 0.00
29 3.00 24.32 57.63 190.56 3.02
29 6.00 24.32 57.63 180.08 3.10
29 19.00 24.32 57.63 135.43 3.03
29 24.00 24.32 57.63 118.88 2.95
29 29.00 24.32 57.63 102.84 2.87
29 31.00 24.32 57.63 96.60 2.81




29 33.00 24.32 57.63 90.63 2.70
29 34.00 24.32 57.63 87.77 2.62
29 35.00 24.32 57.63 85.02 2.54
29 36.00 24.32 57.63 82.46 2.39
29 37.00 24.32 57.63 80.06 2.25
29 38.00 24.32 57.63 77.79 2.12
29 39.00 24.32 57.63 75.65 2.00
29 40.00 24.32 57.63 73.60 1.90
29 41.00 24.32 57.63 71.66 1.80
29 42.00 24.32 57.63 69.82 1.71
29 43.00 24.32 57.63 68.07 1.62
29 44.00 24.32 57.63 66.41 1.54
29 45.00 24.32 57.63 64.82 1.47
29 46.00 24.32 57.63 63.30 1.40
29 47.00 24.32 57.63 61.84 1.34
29 49.00 24.32 57.63 59.11 1.23
29 50.00 24.32 57.63 57.82 1.18
29 52.00 24.32 57.63 55.39 1.09
29 54.00 24.32 57.63 53.12 1.02
29 56.00 24.32 57.63 51.01 0.95
29 59.00 24.32 57.63 48.09 0.86
29 62.00 24.32 57.63 45.44 0.78
29 66.00 24.32 57.63 42.25 0.69
29 70.00 24.32 57.63 39.40 0.61
29 74.00 24.32 57.63 36.85 0.55
29 80.00 24.32 57.63 33.48 0.47
29 87.00 24.32 57.63 30.13 0.39
29 96.00 24.32 57.63 26.58 0.31
29 108.00 24.32 57.63 22.90 0.23
29 122.00 24.32 57.63 19.82 0.16
29 147.00 24.32 57.63 16.60 0.08
29 2928.00 24.32 57.63 13.40 0.00
30 0.00 19.60 59.25 202.00 0.00
30 3.00 19.60 59.25 193.16 2.35
30 7.00 19.60 59.25 182.25 2.44
30 25.00 19.60 59.25 133.95 2.37
30 31.00 19.60 59.25 118.44 2.32
30 37.00 19.60 59.25 103.36 2.25
30 41.00 19.60 59.25 93.59 2.20
30 43.00 19.60 59.25 88.89 2.14
30 45.00 19.60 59.25 84.37 2.05
30 46.00 19.60 59.25 82.20 2.00
30 47.00 19.60 59.25 80.10 1.94
30 48.00 19.60 59.25 78.13 1.84
30 49.00 19.60 59.25 76.26 1.75
30 50.00 19.60 59.25 74.48 1.66
30 51.00 19.60 59.25 72.78 1.59




30 52.00 19.60 59.25 71.15 1.52
30 53.00 19.60 59.25 69.58 1.45
30 54.00 19.60 59.25 68.08 1.40
30 55.00 19.60 59.25 66.64 1.34
30 56.00 19.60 59.25 65.26 1.28
30 57.00 19.60 59.25 63.93 1.23
30 58.00 19.60 59.25 62.66 1.18
30 60.00 19.60 59.25 60.26 1.09
30 61.00 19.60 59.25 59.12 1.05
30 63.00 19.60 59.25 56.97 0.98
30 65.00 19.60 59.25 54.96 0.91
30 67.00 19.60 59.25 53.07 0.85
30 69.00 19.60 59.25 51.29 0.80
30 72.00 19.60 59.25 48.82 0.73
30 75.00 19.60 59.25 46.55 0.67
30 79.00 19.60 59.25 43.79 0.60
30 83.00 19.60 59.25 41.31 0.54
30 87.00 19.60 59.25 39.05 0.49
30 93.00 19.60 59.25 36.04 0.43
30 100.00 19.60 59.25 33.00 0.36
30 108.00 19.60 59.25 30.03 0.31
30 119.00 19.60 59.25 26.68 0.24
30 132.00 19.60 59.25 23.58 0.18
30 150.00 19.60 59.25 20.49 0.12
30 181.00 19.60 59.25 17.39 0.06
30 2928.00 19.60 59.25 13.84 0.00
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04/03/2025, 08:17 Tragar a curva de delta T no tempo - Jupyter Notebook

In [1]: import pandas as pd
import matplotlib.pyplot as plt
import ipywidgets as widgets

from IPython.display import display

# Carregar o dataset
file_path = "Dataset.time.xlsx" # Atualize o caminho do arquivo conforme necessdrio
df = pd.read_excel(file_path, sheet_name="Planilhal")

VWoONOUTDWNR

10 # Obter valores unicos de Tar e Hrar

11 tar_values = sorted(df["Tar"].unique())

12 hrar_values = sorted(df["Hrar"].unique())

13

14 # Criar widgets interativos

15 tar_dropdown = widgets.Dropdown(options=tar_values, description="Tar (°C):")
16 hrar_dropdown = widgets.Dropdown(options=hrar_values, description="Hrar (%):")
17

18 def update_plot(tar, hrar):

19 df_filtered = df[(df["Tar"] == tar) & (df["Hrar"] == hrar)]

20

21 plt.figure(figsize=(8, 5))

22 plt.plot(df_filtered["Time"], df_filtered["AT [°C]"], marker='0', linestyle='-")
23 plt.xlabel("Time")

24 plt.ylabel("AT [°C]")

25 plt.title(f"Variag¢do de AT [°C] ao longo do tempo (Tar={tar}°C, Hrar={hrar}%)")
26 plt.grid(True)

27 plt.show()

28

29 # Criar interatividade

30 display(widgets.interactive(update_plot, tar=tar_dropdown, hrar=hrar_dropdown))

Tar (°C): | 8.88
Hrar (%): | 60.46

Variacao de AT [°C] ao longo do tempo (Tar=8.88°C, Hrar=60.46%)
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In[ ]: 1

127.0.0.1:8888/notebooks/Documents/Tragar a curva de delta T no tempo.ipynb#



